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The dissertation presents several methods to estimate time-dependent origin-destination (O-
D) trip tables for hurricane evacuation using survey data from hurricane Floyd in South Carolina 
in 1999.   
A static disaggregate destination choice model in multinomial logit form was developed 
considering household characteristics, hurricane threats, and destination socioeconomic and 
demographic characteristics. Models were developed for persons evacuating to friends or 
relatives, and hotels or motels separately. None of the household characteristics of evacuees were 
found to be significant in distinguishing destination choice but destination characteristics were. 
The model was tested by comparing the observed destination choices with predicted values via 
trip length distribution analysis and no significant difference was found.  
Based on a sequential logit model developed by Fu (2004), time-dependent travel demand 
was estimated. Coupled with trip distribution from the static logit destination choice model and an 
expansion factor, time-dependent O-D trip tables were computed. Dynamic traffic assignment 
(DTA) was then performed to provide time-dependent O-D travel costs. Other time-dependent 
variables included the predicted hurricane striking probabilities on destination zones in each time 
interval, and the estimated accommodation remaining in each destination zone in each time 
period. The estimated trip length distribution was similar to the observed values. The destination 
choice model was estimated for peak and off-peak periods separately and it was found that the 
parameter estimates differed significantly. The model was further validated with split sample tests 
and a traffic link count comparison. Degree of transferability of the model to other locations was 
analyzed. 
As an alternative, a static gravity model was developed which employed an impedance 
function that describe evacuee’s travel behavior.  The model was estimated through a chi-squared 
x 
 
minimization process. The model was found to produce a trip length distribution that was 
statistically similar to observed values.  
The static gravity model was extended into a time-dependent version where time-dependent 
travel cost and distance from the hurricane center to the destination is explained by a negative 
exponential and Rayleigh function respectively. The time-dependent gravity model was found to 




CHAPTER 1  INTRODUCTION 
 
1.1  Background 
 A hurricane is a severe tropical cyclone involving heavy rains and sustained winds of 74 
miles per hour or greater that cause flooding, storm surge, and sometimes spin-off tornadoes. 
Hurricane intensity is categorized using the Saffir/Simpson Scale (National Hurricane Center, 
2006), which classifies hurricanes from category 1 to 5 on the basis of actual rotational wind 
speeds to estimate potential damage (Table 1.1). 








Minimal - Damage is done primarily to shrubbery and 
trees, unanchored manufactured homes are damaged, 
some signs are damaged, and no real damage is done to 
structures on permanent foundations. Storm surge 4 to 5 
ft. 
2 96-110 
Moderate - Some trees are toppled, some roof coverings 
are damaged, and major damage is done to manufactured 
homes. Storm surge 6 to 8 ft. 
3 111-130 
Extensive - Large trees are toppled, some structural 
damage is done to roofs, manufactured homes are 
destroyed, and structural damage is done to small homes 
and utility buildings. Storm surge 9 to12 ft. 
4 131-155 
Extreme - Extensive damage is done to roofs, windows, 
and doors; roof systems on small buildings completely 
fail; some curtain walls fail. Storm surge 13 to 18 ft. 
5 >155 
Catastrophic - Roof damage is considerable and 
widespread, window and door damage is severe, there are 
extensive glass failures, and some buildings fail 
completely. Storm surge 18 ft and above. 
 
In recent years, hurricanes have struck coastal areas more frequently and severely. In 2004, 
four major hurricanes struck the state of Florida, causing billions of property damage. In August 
2005, the catastrophic hurricane Katrina made landfall in Florida and then along the Gulf Coast in 




1,300 people. It became the most destructive natural disaster in American history. Just three 
weeks after Hurricane Katrina, hurricane Rita devastated Louisiana’s coastline again. In early 
2006, a rare category 5 tropical cyclone Larry slammed into northeastern Australia. In the fall of 
2008, hurricane Gustav and Ike severely damaged several cities in southern Louisiana and Texas. 
In more than 120 years, only two category 5 hurricanes have struck the United States: an 
unnamed storm in 1935 and Hurricane Camille in 1969. Scientists are working hard to find out 
why hurricanes (or typhoons, or cyclones) as they are called in different parts of the world appear 
to be more frequent and severe in recent times. Emanuel (2005) found that in the past 35 years the 
number of category 4 and 5 hurricanes worldwide has doubled while the wind speed and duration 
of all hurricanes has jumped 50%. One possible culprit might be global warming or climate 
change. If it is true, it means there may be more frequent major hurricanes strike the coasts in 
coming years, since the global warming phenomena intensifies every year (Webster, et al, 2005), 
although temperature measurements over the last decade do not demonstrate an increase in 
temperature. 
The highest priority for hurricane forecast and warning is the protection of life because the 
better people are informed, the better they can prepare. Thus, geographers, meteorologists, climate 
scientists, economists, and decision-makers in government and industry need to work together to 
improve the observation, analysis, and forecasting of hurricanes. Today's science and technology 
should be directed to improve in these forecasts for better preparedness and more precise 
evacuation statements. 
The purpose of hurricane evacuation is to move people away from threatened areas to safe 
places before storm landfall. The transportation system planning for hurricane evacuation is 




the transportation modeling process currently employed relies essentially on the traditional urban 
transportation planning paradigm which is not suitable for evacuation planning in many aspects. 
Traditional transportation planning models are used by urban planning organizations for project 
planning studies, land use planning, and more recently, air quality analysis. A transportation 
planning model attempts to answer several questions which are important to planners and policy 
makers: 
 How many people are traveling? 
 Where are they going? 
 What type of transportation are they choosing? 
 What time do they make the trip? 
 Which route do they take? 
Traditional transportation models were designed to allow for long range planning in 
situations where origins and destinations were fixed and easily determined, and where only the 
peak hour flows needed to be considered. Travel demands in regular urban transportation 
applications are relatively static producing similar demand patterns every day. Thus, 
transportation networks are designed for everyday traffic demand instead of an emergency 
evacuation which has a far greater traffic demand than normal. 
In keeping with the four-step modeling paradigm used in urban transportation planning, the 
hurricane evacuation planning process can be considered as involving evacuation trip generation, 
destination choice (trip distribution) and evacuation route traffic assignment. Destination choice 
(trip distribution) is a critical step in evacuation planning and emergency management since 
output from this process is input to traffic assignment and is necessary for the accurate assessment 




modeling, it has received relatively little attention in the past; probably because hurricane 
evacuation is a fairly rare phenomenon. Current practice is, predominantly, to assign evacuees to 
destinations, or evacuation routes, subjectively (Batchelor et al., 2000; Jha et al., 2004; Radwan et 
al., 2005).  
Transportation network conditions during hurricane evacuation are also highly dynamic due 
to the nature of the storm, roadway conditions, destination accommodation availability, etc. 
Therefore, there is a need for a transportation planning model specifically designed for emergency 
evacuation.  
This transportation planning model for hurricane evacuation should attempt to answer the 
following questions for hurricane evacuation: 
 How many people are evacuating? 
 Where are they going? 
 What type of destination (friend/relative, hotel/motel, shelter, etc) is chosen? 
 What time do they make the trip? 
 Which evacuation route do they take? 
The research described in this dissertation is aimed at improving evacuation demand 
modeling. Static models (both aggregate and disaggregate) will be reviewed and analyzed. A 
model of time-dependent destination choice of evacuating households will be devised and 
compared with the static ones. That is, the research will be aimed at addressing the second bullet 
above (where do evacuees go). The model is postulated as time-dependent because conditions on 
the network and at the destination are expected to influence the destination choice, and these 
conditions change over time. It is expected that personal characteristics of the evacuee will also 




An aggregate model will be established. Dow and Cutter (1997) found that the strongest 
determinants of evacuation behavior are tied to personal risk perception. Perceived destination 
risk can be measured conveniently at aggregate level, along with other destination choice factors 
such as network congestion on routes leading to specific destinations, and the availability of 
accommodation. An aggregate model will also be studied for comparison with disaggregate 
models. 
1.2  Objectives 
The research described in this dissertation is aimed at testing whether 
multinomial/conditional logit models based on discrete choice theory and gravity models with 
revised impedance function and can successfully reproduce evacuation destination choice 
observed in evacuation behavior from Hurricane Floyd. 
The specific objectives of this study are: 
1. To improve sequential logistic hurricane evacuation trip generation models to include a 
transportation network condition factor and accommodation availability factor;  
2. To develop a static disaggregate destination choice model that is sensitive to hurricane 
properties, traveler characteristics, destination and network characteristics; 
3. To develop a time-dependent disaggregate destination choice model that is sensitive to 
changing hurricane properties, destination characteristics and network characteristics; 
4. To develop a time-dependent aggregate trip distribution model that is sensitive to 
changing hurricane and destination characteristics, and time-dependent travel costs. 
1.3  Structure of Dissertation 
Chapter 2 is a review of the literature pertaining to the evacuation problem generally and 




of the literature is to lay the foundation for the analysis of applications and theoretical models in 
the remaining chapters. Chapter 3 describes hurricane evacuation survey data and other pertaining 
data used in this study. Chapter 4 presents the development of model methodologies for both 
aggregate models and disaggregate models suitable for hurricane evacuation modeling. Chapter 5 
shows the multinomial / conditional logit model and gravity model results and analysis. The 
concluding chapter summarizes findings and recommendations of the examined theories and 
applications. The contribution of this study to the state of knowledge is to provide destination 
choice modeling capabilities for policy makers to interpret information for their decision-making 
needs and to enable them to carry out better evacuation planning to save lives, and prevent injury 




CHAPTER 2  LITERATURE REVIEW 
 
2.1  Introduction 
Traditional transportation planning contains four steps - trip generation, trip distribution, 
mode split and traffic assignment (Oppenheim, 1995). Trip distribution is to distribute trips from 
trip generation models among destinations. Trip distribution provides origin-destination (O-D) 
tables for traffic assignment. A trip distribution (destination choice) sub-model is one component 
of this process of generating evacuation plans and expected network clearance (evacuation) times 
(Southworth 1991). Without reliable travel demands from trip generation models, the O-D table 
will be unrealistic, which will finally lead to erroneous results from traffic assignment models. 
Thus, accurate trip distribution becomes the linkage between good estimates of generated travel 
demand and a realistic reproduction of travelers’ route choices.  
Hurricane evacuation is a complex process. Due to inadequate transportation network 
supply, highly congested roadway conditions are expected to affect traveler’s decision to evacuate 
or not, and since highway conditions change over time, they are expected to influence the choice 
of evacuation destination time-dependently. Transportation network conditions affect evacuation 
demand and destination choice and vice versa. Little work has been conducted in modeling 
hurricane evacuation time-dependent trip distribution. 
Chapter 2 firstly reviews current pertaining literature on the research and practice of 
evacuation trip distribution (destination choice) planning. Then four types of time-dependent O-D 
estimation methods are reviewed, which are time-dependent gravity model, time-dependent 
destination choice model, time-dependent OD tables based on travel surveys and time-dependent 
trip distribution models based on link volumes. The chapter ends with a review conclusion which 




2.2  Current Research on Hurricane Evacuation Trip Distribution 
Current practice methods in hurricane trip distribution are mostly subjective or empirical. 
Jha et al. (2004) used an approach that assigns destination percentages based on employee 
residence location to calculate O-D matrices in a traffic simulation study. Radwan et al. (2005) 
used a similar approach to assign destination percentages for each origin considering a hurricane’s 
direction. Other applications include using historical data by Batchelor et al. (2000) and 
destination percentages for affected counties based on past experience in the Evacuation Travel 
Demand Forecasting System developed by PBS&J (2000).  
Oak Ridge National Laboratory (ORNL, 1999) developed an integrated trip distribution and 
dynamic traffic assignment system called the Oak Ridge Evacuation Modeling System (OREMS). 
OREMS was designed to help the planner identify the evacuation or clearance times and the 
traffic operational characteristics (e.g., average speed, bottlenecks and other information to 
develop effective evacuation plans). Trip distribution is simulated and updated through traffic 
assignment instead of modeling trip distribution itself. The lack of realistic representation of 
driver behavior with respect to departure delays, destination selection, and route selection has 
been a major problem with these models (Rathi, 1994).  
It has been suggested that the choice of an evacuation destination is based on the following 
principles. (Southworth 1991): 
1. evacuees are assumed to exit the at-risk area by heading for the closest destination (in 
terms of distance and/or expected travel time); 
2. evacuees will display some degree of dispersion in their selection of area exit points, 
depending upon such factors as the location of friends and relatives and the speed of the 
hazard on-set; 
3. evacuees will head for pre-specified destinations, according to an established evacuation 
plan; 
4. evacuees will exit the area on the basis of traffic conditions on the network at the time 





Wilmot et al. (2006) conducted a study comparing the performance of a gravity model, 
intervening opportunity model and extended intervening opportunity model on hurricane 
evacuation destination choice. Through a comparison of predicted trips and observed trips, the 
study suggested that the conventional urban transportation planning trip distribution models are 
able to model hurricane evacuation trip distribution at the aggregate level, and that all models 
achieved similar performance.  Cheng (2007) calibrated friction curves of gravity models on 
hurricane evacuation trip distribution. The friction curve is a combination of a negative 
exponential curve which accommodate the travel distance impedance and a left skewed Rayleigh 
curve to accommodate the impact of hurricane threat on destination zones. The study showed 
satisfactory results. Andrews (2009) used doubly constrained gravity models with various 
methods of obtaining the friction factors in computer-assisted emergency evacuation planning. 
The friction factor methods include lookup tables and exponential functions.  
2.3  Time-Dependent OD Estimation 
It is critical to obtain time-varying network demand matrices (or trip tables) in evacuation 
planning.  Each such matrix or table represents the origin-destination (O-D) flows departing the 
respective origin zones during a single time interval. The trips begin and end in different time 
intervals so that the O-D flows from various departure time intervals interact and share the 
roadway capacity over space and time. 
Although the aggregate models mentioned in the previous section do provide satisfactory 
results, they lack the dynamic component mentioned above and they lack the ability to capture 
behavioral influences at the disaggregate level. Specifically, evacuation destination choice is, 
intuitively, likely to be significantly influenced by conditions facing individual households and, 




In general, there are three types of OD estimation methods: 
1. Direct sampling of individual trip makers. This method is used to estimate OD tables 
through large scale surveys, which are time consuming, expensive and insensitive to the 
change of urban development.  
2. Transportation planning models. The models consider socio-economic, geographic and 
network characteristics. Parameter estimation can be performed based on survey results 
in the study area. Parameters of calibrated models transferred from similar areas 
elsewhere can also be used. This is the approach most used by today’s practitioners. 
Gravity models are the most common trip distribution models used in urban 
transportation planning. Discrete choice models are used to model destination choice. 
The models are static, but can be adapted to function in a dynamic environment. 
3. Indirect estimation from link flows. Estimation from link flows is the most recently 
explored method of estimating OD travel patterns. This model is motivated by the 
practical realities of limited data availability and easily available link counts. Both static 
and dynamic methods have been studied. Time-dependent OD estimation methods based 
on link flows have been extensively developed. 
In the sections which follow, two relevant planning models and their time-dependent 
extensions are reviewed, followed by a review of time-dependent OD estimation methods from 
link flows.  
2.3.1  Dynamic Gravity Models 
The most common and at the same time most readily adaptable expression of destination 
selection is some form of spatial interaction model. Such models have the general form: 




where  Tij = the number of trips traveling from origin i to destination j; 
Oi = the number of trips made from i;  
and P ij = the probability of travelling from i to j.  
P ij is usually expressed as a function of destination attractiveness and travel impedance 
between i and j as follows: 
P ij = W j× f(c ij)         (2.2) 
where Wj = a measure of the attraction potential of destination j, 
and f(cij) = a function of the travel time associated with travelling from i to j. 
If is constrained to equal Oi , then equations (2.1) and (2.2) represent a “production 
constrained” spatial interaction model (Wilson, 1970), in that all trips made from origin point i, 
Oi, are accounted for, while destinations receive trips in relation to their relative attractiveness and 




The general formulation of gravity models takes the following form: 
ijijjiij KcfDOT )(          (2.3) 
where  = proportionality factor; 
Dj = number of trips ending in zone j; 
f(cij) = impedance function relating the spatial separation between zone i and zone j; 
Kij = optional adjustment factor for interchanges between zone i and zone j. 
The impedance function is a generalized function of the travel costs with one or more 
parameters for calibration. The function is typically calibrated using an exponential function, 
power function, a combined power and exponential function or a set of discrete friction factors. 
The most common functional form for f(cij) is the negative exponential, or exp(-β×cij), for a 




Dendrinos and Sonis (1990) were the first to introduce a dynamic extension to the gravity 
model. According to their method, an iterative process for a gravity model is established through 
two functions. The first function expresses the current perceived travel cost, , in terms of the 




























1)( 0        (2.4) 
where zij is the capacity of the O-D paths. The value of  is the same for all O-D paths 




The second function expresses future OD flows, )1( tX ij  as a function of current travel 
cost  )(tcij
)()()1( tctktX ijij          (2.5) 
where γ is a parameter, and  is the balance factor which varies depending on what constrains 
are placed on the model (i.e. whether it is an unconstrained, singly-constrained, or doubly-
constrained gravity model). An iterative solution is sought using the two equations. 
)(tk
Zhang et al. (1998) further investigated the uniqueness of the solutions of Dendrinos and 
Sonis’s model. They found unique equilibrium for time-dependent gravity model with low 
dimensions (exponential and power impedance functions). But they failed to prove the uniqueness 
of equilibrium for the dynamic combined impedance function. The behavior found in the gravity 
models with higher dimension (>3) includes multiple equilibria, oscillations, and chaos. 
Cheng et al. (1992) provided a method to examine the dynamics of urban spatial structure 
by linking change in urban spatial structure to change in the impedance function of a gravity 




of inertia (I) in physics, SI for each zone was calculated by the moment of inertia of a population 
distribution or an employment distribution to reflect different distributions of residences and 








2          (2.6) 
where, Lj is land use activity level in zone j, and  is travel cost from zone i to zone j. ijc
Different zonal SI values were obtained for historical years in an urban area. Relationships 
between the time-dependent SI and friction factor parameters of gravity models were established 
through linear regression model. This established a link between a change in urban structure and 
change in the impedance function of a gravity model. Future OD matrices can thus be estimated 
through the time-dependent gravity model based on the predicted impedance function as a result 
of urban spatial structure change. 
The models proposed by Dendrinos and Sonis, Cheng et al. and Zhang et al. are called time-
dependent gravity models which accounts for long term change of travel demand only (Tsekeris, 
et al. 2006).  Tsekeris, et al. proposed a dynamic gravity model that accounts for both long term 
and short term change in travel demand. The procedure produces dynamic OD trip matrices based 
on the maximum-entropy trip departure times with simulated and actual observed link flows. A 
separate set of parameters in the dynamic gravity model for each time period is estimated through 
an iterative process with marginal flow, dynamic travel cost and system entropy constraints. The 
dynamic travel costs are derived from a quasi-dynamic traffic assignment model. The efficiency 
and robustness of the dynamic OD matrix estimation algorithms were investigated in a large-scale 
transportation network. The model helped to reveal the effect of both long and short term decision 




While gravity models have been adapted to accommodate the dynamics of certain situations, 
they have not been adapted to the dynamics of emergency situations. To apply the gravity model 
to hurricane evacuation effectively, the model has to adopt new variables which capture the 
influence of a hurricane threat and the changing conditions in which the threat is evaluated. A 
possible variable is the distance from the destination centroid to the hurricane threat location, 
which can be incorporated into a combined impedance function. Coupled with time-dependent 
evacuation zone demand generation and traffic assignment process, the time-dependent gravity 
model can be a candidate for time-dependent trip distribution modeling. 
2.3.2  Dynamic Destination Choice Models 
Destination choice models are trip distribution models from the discrete choice model 
family based on random utility maximization theory. The family includes multinomial logit 
models, conditional logit models, generalized extreme value models (whose most prominent 
member is nested logit), probit, and mixed logit models (Train 2003). The advantage of 
destination choice models is that they operate at the disaggregate level and are able to incorporate 
more variables than merely the travel cost and attraction of the destination in the destination 
choice decision.  
Discrete choice models have been extensively applied in residential location choice, 
migration destination choice, facility choice, shopping and recreation destination choice and other 
spatial location choice modeling. Refer to Sivakumar (2005) and Guo (2004) for a comprehensive 
literature review.  
Discrete choice models have been used to test the effect of land use and policy sensitive 
explanatory variables on traveler’s destination choice. These explanatory variables include time of 




spatial structure measure and socio-demographic variables (Bhat et al. 1998). Cheng and Wilmot 
(2008) showed a discrete destination choice model for hurricane evacuation. 
Because of the difficulty in defining precisely what constitutes an alternative and because of 
the computational burden of estimating a logit model with a large number of alternatives, 
destination choice models are suitable for application where there are a limited number of 
destinations, such as occurs in inter-city trips, shopping trips and recreational trips. Chow et al. 
(2005) developed destination choice models for home-based work trips with aggregated 
destination alternatives.  
A number of combined models based on Wardrop’s equilibrium principles (Wardrop, 1952) 
have been developed. A comprehensive treatment of combined choice models can be found in 
Oppenheim (1995). Oppenheim assumes a traveler’s decision process is hierarchical. Given an 
individual at location i, during time period t, and a travel purpose, Pt|i is the probability that the 
traveler makes one trip of a particular travel purpose in the time period. The conditional 
probability that the traveler will choose the destination j is Pj|i given the trip generation choice. 
The conditional probability that an individual will choose the mode m from i to j is Pm|ij given trip 
generation and trip distribution choices. The conditional probability that an individual will choose 
the route r for traveling from i to j by mode m to is Pr|ijm given above three choices. Assuming that 
the individual choices are independent of each other, the probability that an individual located in 
zone i travels to destination j, on mode m, and following route r can be obtained by multiplying 
the conditional probability as follows: 
Pijmr  =  Pt|i  Pj|i  Pm|ij  Pr|ijm          (2.7) 





Heckman (1981) presented a general dynamic discrete choice model for the analysis of 
longitudinal discrete data, which can accommodate a wide variety of dynamic structures such as 
Markov models, Polya models, renewal processes and latent Markov models. The model allows 
each cross-sectional unit’s decisions to have complex dynamic economic interrelationships over 
time. The general model is able to capture the effects of exogenous variables, past history of 
choices, most recent continuous experience in a state, and prior propensities to select a state on the 
choice. Following his seminal work, a variety of dynamic discrete choice models have been 
developed in the area of social sciences.  
The dynamic models developed following Heckman’s initial work include a number of 
applications of dynamic multinomial probit models. Examples include applications in labor 
market, (Keane and Wolpin, 1997; Heckman and Navarro. 2005), in marketing (Erdem and 
Keane, 1995), brand choice (Paap and Franses, 2000), and residential location (Hajivassiliou et. 
al., 1996). These models take the general form: 
Uitn = βtnxitn + εitn         (2.8) 
where i is an alternative, n is a person and t denotes time. U is the utility, β are the random 
coefficients, and ε is an error term in the model. Both the random coefficients and the error terms 
are assumed to follow multivariate normal distributions. Most applications with more than two 
time periods use a simple first-order autoregressive process to model correlation across time, 
because the free correlation across time and alternative will yield a large number of parameters 
that will be difficult to identify (Brownstone, 2000). The estimation method is simulated 
maximum likelihood (SML), when the time periods are not too long. The computational burden is 




Ben-Akiva and Palma (1986) devised a dynamic multinomial logit model to yield a 
Markovian model of residential location patterns. The scheme of their model is shown in Figure 
2.1. 
Household at time t 
stay move 




1 …..…... j .………… J 
stay 
t = t+1 
Figure 2.1  Sequence of choices in a dynamic residential location choice 
 
The models capture the dynamic forward-looking behavior of an individual. The Markovian 
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where  is the fraction of individuals residing in i, and  is the transition rate from 





















where x is the independent variables and α, β are the parameters. The error term in Ben-Akiva and 
Palma’s model was assumed to be independent and identically distributed (i.i.d.) across 
alternatives and over time.  
MNL does not support taste variation to an attribute. In order to accommodate random taste 
variation, a mixed logit model (ML) can be developed with the same independent variables but 
with stochastic parameters (Train 2003).  
Sivakumar (2005) developed a comprehensive mixed logit model for dynamic spatial 
location choice. The model can accommodate observed and unobserved individual preference, 
destination attributes, state dependent effects, spatial correlation of destinations, and other 
heterogeneities (time variant intra-personal heterogeneities and time variant preference on travel 
cost and time). Simulated maximum likelihood estimation methods were used in model 
estimation. 
In order to overcome the limitation i.i.d. error term of MNL models, Srinivasan and 
Mahmassani (2005) investigated the theoretical properties of a dynamic version of the mixed logit 
model (McFadden and Train, 2000). A general dynamic mixed logit model can be formulated as: 
Uitn = βtnxitn + αitn + εitn        (2.11) 
where εitn are independent and identically distributed according to a Gumbel distribution and αitn 
follow a multivariate normal distribution (MVN). The model is in the closed logit-likelihood 
functional form due to the Gumbel error term, conditional on the MVN error term. The model can 
be solved by simulated maximum likelihood method. Srinivasan and Mahmassani indicated that 
dynamic mixed logit model can have computational advantages over dynamic multinomial probit 
model when there are many alternatives (say, greater than 25). The dynamic mixed logit models 




2.3.3  Time-dependent OD Tables Based on Travel Surveys 
Travel sampling surveys contain useful OD information that can be expanded based on 
individual trips sampled. However, Surveys are time consuming and expensive, and sample size 
has limitations. It is a tedious process to infer an OD matrix from travel surveys with static 
assumptions. The additional time dimension to infer time-dependent OD matrices makes the 
whole process even more complicated. Sampling also results in biases when using an expansion 
factor to reach at population level (Balakrishna, et al., 2008).  In addition, a survey only represents 
certain days, but cannot take into account changes in demand in conditions such as roadway 
closure, unusual weather conditions. However, historical OD matrices can be used as a starting 
point, and then been calibrated by real time network data to obtain time-dependent OD matrices 
(Brandriss, 2001). The calibration can be done with or without dynamic traffic assignment, as will 
be discussed in next section. 
2.3.4  Dynamic Trip Distribution Models Based on Link Volumes 
Traditional transportation planning deals with long-term traffic operation. But it is not 
sufficient for a variety of special planning applications, such as High Occupancy Vehicle (HOV), 
congestion pricing, work zone management, and evacuation planning, which require within-day 
analysis or real-time analysis. Dynamic traffic assignment (DTA) has been a hot topic to deal with 
these short-term transportation planning phenomena in recent years, and has shown significant 
improvement than transitional planning models, particularly when demand varies significantly 
over analysis period. Time-dependent O-D metrics or tables are required to perform DTA models, 
but setting up the tables is a complicated process. Unlike traditional model, which require static 
O-D matrix, DTA typically require O-D tables in each short time interval between 5 to 15 minute 




of surveys, which obviously cannot fulfill DTA’s data needs. In the mean time, fast developing 
traffic detection technologies can provide vast and convenient data needs for DTA analysis. There 
are a variety of real-time traffic detection technologies, such as inductive loop, microwave radar, 
laser radar, acoustic detection, video image processor. For a comprehensive study on this subject, 
refer to Klein, et al. (2006). The new technologies motivated researcher to find new ways to 
estimate time-dependent O-D matrices. One area of DTA modeling is to use real-time traffic link 
counts to infer time-dependent O-D matrices if there are sufficient number of detection sensors on 
network links. (Peeta and Ziliaskopoulos, 2001).  
There are two types of time-dependent OD estimation problems using traffic link volumes: 
offline problem for planning and evaluation and real-time problem for dynamic traffic assignment 
and real-time traffic operation management (Ashok, 1996). 
Chang and Tao (1999) classified time-dependent O-D estimation models based on link 
volumes into two categories: non-DTA based and DTA based models. The difference between 
these two approaches is whether the time-dependent OD matrices will be calibrated by link flows 
through dynamic traffic assignment procedure or not. The non-DTA based approaches include 
studies by Cremer and Keller (1981, 1984, 1987), who are the earliest reported to estimate time-
dependent O-D demand with link volumes, Nihan and Davis (1989), Bell (1991), Bell et al. 
(1997), Davis (1993), van der Zijpp (1996), Chang and Wu (1994), Wu and Chang (1996), Chang 
and Tao (1999), etc. The DTA based approaches include studies by Willumsen (1984), Okutani 
(1987), Cascetta et al. (1993), Cascetta and Postorino (2001), Ashok and Ben-Akiva (2000), 
Tavana and Mahmassani (2000), Ashok (1996), Sherali et al. (2003), Antoniou et al. (2007), 




Estimating time-dependent OD matrices from link volumes is not relevant to the research 
reported in this dissertation because the method relies on traffic counts as input, while time-
dependent evacuation demand is the input assumed in this study, traffic link count station are too 
few to infer any meaningful OD information for a very large network in a hurricane evacuation 
event.  
2.4  Review Conclusion 
Because evacuation behavior is likely to be influenced by the conditions surrounding each 
storm, developing time-dependent evacuation demand models that allow evacuation demand to be 
responsive to conditions in each time period would seem appealing. Time-dependent OD matrices 
are mostly estimated from link volumes in current practice. However, current methodologies are 
mostly unable to give consistent tractable answers. There are several reasons for this. The count 
data are generally prone to measurement errors, and may be inconsistent across space and time as 
sensors may malfunction for part of the day. Even if these errors were minimal, the spatial 
coverage of sensors is likely to be very sparse. There could also be network coding errors that 
result in unrealistic paths in the assignment model. For non recurrent hurricane evacuation event, 
the limited number of link count data offers little opportunity for good modeling. The vehicles 
between OD pair estimations at regional level are almost impossible to be captured by few field 
sensors.  
Other approaches need to be attempted. A possible way is to obtain time-dependent OD data 
from a survey and either use the time-dependent data directly or use it to develop a model of time-
dependent travel demand. Fu’s (2004) sequential logit models estimated via survey data can be 
used to generate the temporal hurricane evacuation demand. For each time piece, the temporal trip 




time-dependent gravity models, or time-dependent destination choice models, which are designed 
to be responsive to hurricane characteristics.  
Traveler’s behavior is expected to be affected by network conditions, hurricane properties, 
the evacuee’s socio-economic characteristics and other public information, such as evacuation 
order, the congestion level on evacuation routes and other media information. It will be beneficial 
to include these variables into a destination choice model. The idea is that if evacuees see 
considerable traffic build-ups ahead of them, a significant proportion may detour, and end up 
exiting the area at a point other than their intended destination. Dynamic traffic assignment is 
desirable to obtain the network condition. The derived time-dependent travel costs can be 










CHAPTER 3  DATA DESCRIPTION 
 
This chapter introduces the data involved in the study of time-dependent destination choice 
models for hurricane evacuation. The data to be used includes: 
1. Hurricane Floyd Survey Data 
2. Hurricane Floyd Data from NOAA 
3. Demographic and Geographic Data in TransCAD 
4. 1997 Economic Census Reports for Accommodation  
5. Observed Traffic Data from SCDOT 
3.1  Hurricane Floyd Survey Data 
The evacuation data used in this study will be from a telephone survey of hurricane Floyd 
evacuation conducted by the U.S. Army Corps of Engineers. The data contains information about 
the drivers’ characteristics and their activity during the hurricane. There are about 1800 
observations surveyed in Charleston, Myrtle Beach and Beaufort along the South Carolina 
coastline. Those are treated as the only three origins in the model. The data was cleaned and 
reprocessed to serve as input to the models. Survey data of hurricane Floyd from the state of 
Georgia are also available for analysis. 
3.1.1  Destination Choice Type 
In the survey data, there is a question asked for type of destination choice: 
Did you go to a public shelter, a friend or relative’s house, a hotel, or somewhere else?   
   1    Public shelter (Red Cross)  
   2    Church  
   3    Friend/relative   
   4    Hotel   
   5    Workplace   
   6    Mobile home park clubhouse   
   7    Other, specify:  






Whitehead et al. (2000) estimated the probabilities of evacuation destination type with a 
multinomial logit model for destinations types – friends or relatives, hotels or motels, shelters and 
others. The research found that the socioeconomic profile of those who evacuated to one type of 
destination differs substantially from other types. For instance, households are more likely to 
choose the motel/hotel destination and less likely to choose a shelter if they have higher incomes, 
although the size of the effect is small. The evidence on the effect of risk factors and destination 
choice is mixed. Storm intensity does not play a role in the evacuation destination type decision. 
However, those who perceive medium to high flood risk are less likely to choose a hotel/motel. 
These results are consistent with previous studies (Drabek and Boggs, 1968; Perry and Mushkatel, 
1986). Because the different destination type pattern has different characteristics, it would be 
appropriate to develop unique models for each destination types. 
There are three major types of destination choices that were reported in significant numbers 
in the Floyd data – 1) home of friends and relatives; 2) Hotels/Motels; 3) Public shelters and 
churches. However, there are only about 40 observations of shelters and churches as destinations. 
Rule of thumb (Peruzzi et al, 1996) recommends that to estimate the logistic regression function, a 
minimum of 10 cases per independent variable is required to achieve reliable and meaningful 
results. Sample size needs to be bigger for multinomial logit model due to more alternatives. 
Therefore, models for public shelters and churches will not be considered due to insufficient data 
availability. 
There are about 680 observations for home of friends and relatives as destinations and 360 
observations for Hotels/Motels as destinations. Other studies found similar percentages for 




The data set was separated into two data sets for these two types of destination choice – one 
for those who chose home of friends and relatives and the other for those who chose hotel or 
motels.  
3.1.2  Destination Zone Aggregation 
In the survey, there are questions indentifying the city and state about the destination: 
In which state is that located? 
   1    Florida 
   2    Georgia 
   3    South Carolina 
   4    North Carolina 
   5    Alabama 
   6    Tennessee 
   7    Virginia 
   8    Other,                                                            
   9    Don’t know 
 
Since there are only a few observations in the state of Alabama, Virginia, Florida, and the 
“other” state category, only destinations in South Carolina, North Carolina, Georgia and 
Tennessee were used in this study.  
In the survey data, the destination location is described in terms of city and county. In 
conventional urban transportation planning models, traffic analysis zones (TAZs) are units of 
geography from which trips are assumed to originate and terminate. In defining TAZs in urban 
transportation planning, several criteria are typically adopted (Baass, 1981; Ortuzar and 
Willumsen, 1994). Generally, these criteria can be stated as:  
 The zones should be as homogeneous with respect to the socioeconomic characteristics 
as possible;  
 The border of the zones should give considerations to administrative limits such as 
census tracts, county boundary and physical geographic separators such as railway lines 




 Each zone should contain a similar number of households, population, area, or trips 
generated and attracted. 
 Intra-zonal trips should be minimized;  
 One zone should not encircle another; 
However, the travel patterns generated during hurricane evacuation are quite different from 
those generated in normal urban travel in that evacuation trips are mostly long distance intercity 
journeys spread over an extended area. Thus, it is not feasible to choose TAZs in the conventional 
way and geographic aggregation of TAZs is necessary. In evacuation modeling, TAZs can be 
large areas, thereby limiting the number of TAZs and making destination choice by disaggregate 
modeling feasible again.  
In the case of hurricane evacuation, origin zones are concentrated in threatened coastal 
areas, and destination zones are spread inland to neighboring counties and states. Some guidelines 
have been suggested on the creation of origin evacuation zones (USACE 1986, 1994, 1995, 
PBS&J 1992, Wilmot and Meduri, 2005), but little has been suggested on establishing destination 
evacuation zones. Since evacuation travel patterns are less complex than the multi-purpose, multi-
directional travel encountered in everyday urban travel, the TAZ’s used in evacuation planning 
can generally be less comprehensive.  In addition, they can become progressively less 
comprehensive as distance increases from the origin since fewer and fewer evacuees are left to 
reach a destination, and the need to accurately estimate network conditions in terms of congestion 
and delay is reduced due to the lower traffic volumes. Thus, a process that aggregated counties 
into progressively larger evacuation TAZs as the distance from the coast increased was instituted. 
The aggregation process also created a manageable choice set for disaggregate modeling and 




aggregation process used the following criteria in establishing evacuation TAZs for this 
application: 
 Location risk due to hurricane  
 Distance to origin 
 Natural geographic feature 
 Metropolitan area 
 Economic zone 
3.1.2.1  Location Risk Due to Hurricane 
If a destination is located in an area threatened by a hurricane, counties in this area can be 
aggregated into large TAZs, because they share the same characteristic of being threatened by the 
hurricane. Figure 3.1 shows a Hurricane Floyd wind speed map. As can be seen, the hurricane ran 
roughly parallel to the coastline of Georgia, South Carolina and North Carolina, creating a band of 
counties along the coastline which were subject to gale force winds and which represented at-risk 
areas that all evacuees would want to avoid as a destination. The aggregation process must also 
consider the distance from threatened counties to origins. If two counties are both threatened by 
the hurricane and their distances to the origins are similar, these two counties can be aggregated. 
Figure 3.2 is the trip length distribution, which shows the trip frequency versus travel distance at 
every 50 miles for the total trips and the two major types of destinations. The counties within 50 
miles from origin to destination are threatened by the hurricane. The trip length distribution 
(Figure 3.2) shows that there were few trips within 50 miles from origin. Therefore, the at-risk 
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3.1.2.2  Distance to Origins 
It was assumed that travelers would try to evacuate to close safe places as much as possible 
once beyond the at-risk area (Southworth 1991). Figure 3.2 shows that most evacuees traveled 
distances longer than 50 miles and less than 300 miles. The size of destination TAZs were set 
proportionally to the distance from origin to destination, the closer the destination was to the 
origin, the smaller the TAZ, as there were more observations in closer counties than counties 
farther away. Intuitively, it is expected that a traveler will try to evacuate to the closest safe 
destination as possible. Therefore there will be more observations in closer counties/cities than 
longer distant counties/cities provided both destinations are considered safe. As a result, more 
destination zones were established in South Carolina and fewer destination zones in other states.  
3.1.2.3  Natural Geographic Feature 
Significant geographic features can be a factor in aggregating the zones. In this case, the 
Appalachian Range goes through Tennessee, North Carolina, western South Carolina and northern 
Georgia. It can be seen as a natural barrier and, therefore, a feature that defines a TAZ. This is 
particularly applicable in dividing North Carolina. As seen from Figure 3.3, the Appalachian 
Mountains go through the studied states and might have an impact on evacuee’s destination 
choice. North Carolina (Figure 3.4) is divided into three regions as TAZs – the Coastal Plains, 
Piedmont, and Mountain regions. It is evident from the desire lines in Figure 3.5 that the 
Appalachian Mountains become a natural barrier. There are fewer trips taken across the 
mountains from the origins. 
3.1.2.4  Metropolitan Area 
Metropolitan areas can be major destination choices due to their ability to accommodate 




representing the metropolitan area because most trips will be going to locations in the 
metropolitan area.  
 
Figure 3.3  Appalachian region map 
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Figure 3.5 Origin to destination desire lines 
 
3.1.2.5  Existing Regions 
Some states, such as Georgia (Figure 3.6), have been divided into several zones. Each 
region has its own distinct geographic feature and economic characteristics, such as coastal 
counties, mountainous counties, mega metropolitan counties, etc. These zones can be used as 
TAZs or further aggregated into larger TAZs.  
Based on the above factors for zonal aggregation, 28 destination TAZs were created as 
shown in Figure 3.7. The three origin zones are shown in red color. The at-risk area, consisting of 
the area experiencing gale force winds (i.e. winds in excess of 38 miles per hour), are shown as 






Figure 3.6  Georgia economic regions 
 




3.1.3  Time-Dependent Information in Survey Data 
The survey data contains information of evacuees’ departure time and travel time. This 
time-dependent information is crucial to model trip generation and destination distribution in each 
time period. Additional time-dependent information was acquired from secondary data sources as 
described in section 3.2 below. 
3.2  Hurricane Floyd Data from NOAA 
NOAA National Hurricane Center (NHC) has rich data for Hurricane Floyd. The detailed 
track coordinates and wind speeds at different time period are obtained from the NHC website1. 
This adds another time-dependent element in the modeling of evacuation trip generation and 
distribution. It also provides detailed data on hurricane Floyd’s projected path at each time period. 
This is helpful in modeling people’s decision in response to the hurricane’s projected path and 
intensity dynamically. NOAA issues strike probabilities for potential at risk regions every 6 
hours2. These reports can be used to build time-dependent risk factors. Refer to Appendix A for a 
strike probability report sample. 
3.3  Demographic and Geographic Data in TransCAD 
TransCAD is a GIS-based software package which contains census data which is readily 
accessed. Each county is defined geographically in TransCAD with demographic data attached. 
Variables that were used in this study were population and race distribution. The network was also 
created within the study area in TransCAD for analysis purposes. 
Table 3.1 shows the 28 traffic analysis destination zones used in this study with their 
demographic data. 
                                                 
1 The data is available from Hurricane Floyd Preliminary Report of National Hurricane Center, NOAA retrieved 
February 20, 2010 from http://www.nhc.noaa.gov/1999floyd.html. 
2 The data is available from Hurricane Floyd Advisory Archive of National Hurricane Center, NOAA retrieved 




Table 3.1  Destination demographic information 
TAZ 














63 Richland SC 536691 97 1 3 343120 63.9% 
64 Macon GA 1199442 221 0 4 704527 58.7% 
65 Fulton GA 5034693 843 1 7 3246774 64.5% 
66 Elbert GA 1285620 262 0 3 941477 73.2% 
67 Aiken SC 167147 23 0 1 115707 69.2% 
68 Allendale SC 51347 8 0 0 22099 43.0% 
69 Chatham GA 666698 280 0 3 434503 65.2% 
70 Hampton SC 21386 7 0 1 9173 42.9% 




102396 13 0 0 65795 64.3% 




106767 36 0 0 41642 39.0% 
75 Charleston SC 348233 126 0 1 213173 61.2% 
76 Anderson SC 342712 53 0 1 294180 85.8% 
77 Clarendon SC 69719 14 0 1 26786 38.4% 




252426 322 0 0 192670 76.3% 
80 Hamilton TN 539373 127 0 2 452907 84.0% 
81 Davidson TN 3926527 785 0 0 2968696 75.6% 
82 Greenville SC 633407 100 1 3 484893 76.6% 
83 Sevier TN 1223383 447 0 2 1141707 93.3% 
84 Chester SC 336024 39 0 1 240846 71.7% 
85 Sumter SC 177412 27 0 2 97211 54.8% 
86 Burke NC 999424 475 0 2 913218 91.4% 




138980 19 0 0 78737 56.7% 
89 Cleveland NC 5246261 791 1 5 3760626 71.7% 
90 Columbus NC 1803628 520 0 1 1130812 62.7% 
 
3.4  1997 Economic Census Reports for Accommodation  
The 1997 Economic Census Reports for Accommodation and Foodservices from Census 
Bureau provides the numbers of hotel/motel in each county. These data are obtained from the 
1997 Economic Census administered by the U.S. Census Bureau3. Appendix B shows a sample of 
this report. It is expensive to get information of hotel/motel bed numbers for each county. 
                                                 





However, the number of hotels/motels is correlated with the hotel/motel bed numbers. Therefore, 
the number of hotels/motels was used as a surrogate for hotel/motel room availability in the trip 
distribution hotel/motel model. 
3.5  Observed Traffic Data from SCDOT 
South Carolina Department of Transportation (SCDOT) has observed traffic flows from 
several traffic count stations during hurricane Floyd evacuation. The traffic flow on links, together 
with the road attributes from the network data, can be used to estimate congestion on the network 





CHAPTER 4  METHODOLOGY 
 
Chapter 4 firstly presents a model diagram to show model components and their relationship 
in terms of process steps. A time-dependent hurricane evacuation trip generation model based on 
Fu’s model (2004) is used to estimate evacuation demand at origin zones. Two methods of time-
dependent destination choice are then introduced: 
1. method based on discrete choice theory at disaggregate level,  
2. method that evolves from a gravity model operating at an aggregate level. 
 Model validation and transferability methods are described. TransCAD dynamic traffic 
assignment procedure is introduced. This procedure provides time-dependent network traffic 
condition and travel costs to be incorporated into the models. Several time-dependent variables 
are specified, including a network condition index, O-D friend/relative accommodation 
availability index, system wise and O-D hotel/motel accommodation availability indexes, and 
hurricane striking probabilities on destinations. Finally, an evacuation traffic expansion factor is 
calculated, so that traffic from survey can be expanded to population level to be uploaded to 
dynamic traffic assignment. 
4.1 Overall Modeling System 
This section describes the methodology of the modeling process that will be used in this 
study. The modeling proposed will be done in three stages. The first stage consists of time-
dependent trip generation modeling. The second stage consists of time-dependent destination 
choice modeling and time-dependent OD estimation. The final stage is dynamic traffic assignment 
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Figure 4.1  Model process diagram 
(“Physical” data above refers to the physical conditions in which a respondent resides, such 
as type of dwelling, the flooding potential of the home, and accessibility to evacuation facilities, 
as well as the transportation network on which evacuation will take place.) 
4.2  Time-Dependent Evacuation Demand Modeling 
Fu (2004) studied several models in hurricane evacuation trip generation, among them, a 
sequential model. The sequential logit model outperforms participation rate and response curve 
models commonly used in practice in terms of predicting evacuation rates (Fu, 2004, p.100). The 




dependent variables that significantly improve the performance of the model in addition to 
producing hurricane evacuation probability of evacuation (trip generation) and when that 
evacuation trip is generated.  The sequential logit model has also demonstrated a certain degree of 
transferability in that it can reproduce evacuation behavior observed in a different location and 
different storm conditions with reasonable accuracy (Fu, Wilmot, and Baker, 2007).  
Based on Fu’s study, the time-dependent travel demand model based on sequential logit 
model is utilized in this study to estimate the number of trips generated per time period as a 
function of certain socioeconomic, physical, and hurricane characteristics. The variables used in 
his research included:  
1. hurricane distance to origin at time t (time-dependent) 
2. time of day (time-dependent) 
3. evacuation order (time-dependent) 
4. flood risk (time-dependent) 
5. dwelling type (static) 
6. hurricane forward speed (time-dependent) 
The same sequential logit model was used in the trip generation stage of this study although 
the model was enhanced to include the time-dependent network conditions and the temporal 
availability of hotel/motel rooms or shelter space at the destinations.  















)|(        (4.1) 
where x are the variables which describe household’s socio-economic characteristics, the 




evacuates. Individual travelers face a series of binary choices (evacuate or stay) over time before 
the hurricane makes landfall. The model predicts the probability of a household evacuating at each 
time period.  
Fu’s model did not consider network conditions or the availability of accommodation of the 
destination which may affect an evacuee’s decision. The model could be improved by considering 
a factor describing the condition of the network, which may indicate the congestion level on the 
network in general in each time period. For calibration of the model, this information was 
estimated from records of a time-dependent skim table produced by dynamic traffic assignment in 
each time period in the area. Availability of hotel and motel accommodation was estimated from 
the time-dependent consumption of hotel/motel accommodation in each destination zone from 
arrivals at each destination zone over time. 
4.3  Time-Dependent Trip Distribution Models 
4.3.1  Time-Dependent Destination Choice Models 
Evacuees choose one destination out of a set of mutually exclusive alternative destinations. 
Qualitative choice from a set of distinct alternatives can be modeled using discrete choice models. 
Discrete choice models are based on the assumption that people are utility maximizers. To apply 
this theory here, it is assumed that evacuees will maximize the utility of their evacuation 
experience by choosing the most attractive destination to them out of all possible destinations. 
Although it is obvious that this assumption is a simplification of human behavior since people 
generally operate under more constraints and influences than can be included in a utility function, 
models based on this assumption obtain results that are expected to be better than those obtained 




There are different types of discrete choice models. Each utility depends on the different 
characteristics of the alternatives. The utility function of traditional multinomial logit (MNL) 
model can be formulated as: 
VU          (4.2) 
where V is systematic and measurable part which describes the utility of alternative and ε is the 
stochastic component which is assumed to be independent and identically distributed (iid) with a 
type I extreme-value (or Gumbel) distribution.  
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where: 
Pi = probability of choosing alternative i; 
xi = vector of attributes of alternative i; 
β = parameters; 
J = number of alternatives 
 
MNL model does not require that the relationship between the dependent variable and 
independent variables be linear. Each alternative can be described by different characteristics by 
xi, which vary across different alternatives. Destination choice models are rarer than mode choice 
models in transportation planning modeling because of large number of destination alternatives 
choice set in urban transportation. As discussed above, the number of TAZs has been aggregated 
to limited amount. Therefore MNL model seems to be an appropriate method here. The 
multinomial logit model assesses the probability that each destination will be chosen relative to 
evacuating to friends, family, or other. The overall model’s statistical significance is checked 
according to the model χ2 statistic.  
In urban transportation planning, separate models are usually estimated for each trip 




hurricane evacuation, there is only one trip purpose – evacuation to get out of harm’s way. 
However, evacuation behavior does vary by destination type (Modali, 2005). The main destination 
types are friend/relative, hotel/motel, shelters and other charity accommodations. In addition, the 
factors that drive destination choice in each of the destination types is different (e.g. presence of 
relative or friends in one case, and the availability of hotel or motel rooms in the other), so 
different models are needed for each destination type.  
Baker (1998) tested different variables to assess their association with intended destinations 
and actual destinations. Oldest and youngest age groups, lower income and minority, and people 
planning to take their pets when they evacuate were more likely to plan to stay in their own 
counties. Several individual characteristics variables can be included in the model. 
The discrete choice model can be specified as a combination of multinomial logit model and 
conditional logit model.  
A multinomial logit model describes individual/household characteristics influence on 
destination choice, such as education level, income level, number of pets, etc. A conditional logit 
model describes destination choice in terms of the characteristics of the destinations. Hoffman and 
Duncan (1988) believe that many issues of interest to demographers and other social scientists fall 
naturally into a conditional logit model. The variables in conditional logit model will include: 
1. travel cost from origin to the destination (time-dependent) 
2. destination population (for the friend/relative model) or the number of hotels/motels at 
destination (for the hotel/motel model) (time-dependent). The number of hotels/motels 
will exclude the hotels/motels occupied in the previous time period. 
3. risk indicator of destination’s vulnerability by strike probability issued by National 




4. destination race distribution (static) 
5. number of interstate highways destination (static) 
6. Mega-metropolitan indicator (static) 
For two consecutive time periods, if destination choice in the second time period is affected 
by the previous time period, such behavior is called state dependence (Heckman, 1981). However, 
since a particular hurricane evacuation is a one time occurrence event and the survey in this study 
is not a stated preference survey, the measurement for state dependence is not available. Thus, this 
variable is not included in the model. 
The utility function of the combined multinomial logit model and conditional logit model 
can be formulated as: 
ijtjtitijt yxU   321        (4.4) 
where: the βs are parameters, xit is a vector of individual characteristics (MNL), yjt is a vector to 
describe destination attraction (CL), and εijt is suggested to be independent and identically 
distributed (iid) 
The probability for an individual i to choose destination j at time t (t>1) conditional on xit, 
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The logit model can be estimated using maximum likelihood techniques. Log likelihood 













where dnj =1 if individual choose destination j and dnj =0 otherwise. The maximum likelihood 
estimator  is consistent, asymptotically efficient and normally distributed (Lee, 1992). ̂
The software that will be used to analyze the MNL model and CL model is SAS (MDC 
procedure) (SAS 2005). The dataset is prepared in such a way that for each evacuee there are 28 
destination alternatives to choose from. The explanatory variables mentioned above will be 
obtained for each destination. The probability to select a destination is the dependent variable. 
Three regions in South Carolina were selected for modeling as origins and 28 regions were 
selected as destinations, which include the three origins.  
Two data sets will be created, one for the friend/relative model and one for the hotel/motel 
model. Other destination type models will not be performed if there is no sufficient for data 
analysis. Once the destination choice model is calibrated, the generated time-dependent origin trip 
totals will be distributed with the destination choice model for each time period. The predicted 
time-dependent OD matrices will be treated as input for dynamic traffic assignment.  
The alternatives in the attraction-end model are aggregated traffic analysis zones.  
4.3.2  Time-Dependent Gravity Models 
Gravity models are the most widely used trip distribution models in urban transportation 
planning (Meyer and Miller, 2001). They rely on historical origin-destination information for 
calibration. Gravity models incorporate the ideas that trip patterns develop due to the activity of 
the origin, the relative attractiveness of the destination and the difficulty of making the trip.  In 
urban transportation planning, the three assumed determinants of trip distribution are represented 
by productions, attractions, and travel time, respectively. However, all three determinants are 
quite different for hurricane evacuation. For hurricane evacuation planning, it is possible to 




more difficult if not impossible to estimate. Therefore, a production constrained gravity model is 



























        (4.7) 
where: 
Tij = the number of trips produced in zone i and attracted to zone j, 
Pi = the total number of trips produced in zone i, 
Aj = the number of trips attracted to zone j, 
Fij = impedance of travel between i and j, 
N = total number of zones. 
The impedance measures the difficulty of travel between origins and destinations. In 
traditional urban transportation modeling, the impedance function can take the form of an inverse 
power function, a negative exponential function, a gamma function, or a discrete value in a look-
up table. Modali (2005) applied the gravity model for hurricane evacuation trip distribution using 
a look-up table of discrete friction factors calibrated using TransCAD. The results were 
satisfactory, but it is insensitive to the level of a hurricane threat. The research reported in this 
dissertation considered the influence of threat caused by hurricanes and travel behavior and 
calibrated a combined impedance function. Travelers from evacuation (origin) zones were 
assumed to evacuate under the following patterns: 
1. Trip frequencies are considered to be inversely proportional to the distance between 




are trying to go to the closest safe destination zones as much as possible. (Southworth, 
1991) 
2. Evacuees are unlikely to travel to other hurricane threatened destination zones.  
To accommodate the first evacuation pattern, a negative exponential function was 
considered. A negative exponential function is widely accepted as an impedance function in urban 
transportation planning. It takes the form: 
)exp()( ijij ccf           (4.8) 
where α is a parameter and cij is the travel cost of a trip from i to j, which can take the form of 
travel time or distance. Here, cij was chosen as the distance on the shortest path between an origin 
centroid and a destination centroid as derived from a network analysis using TransCAD. 
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Figure 4.2  Exponential density function curves 
In Figure 4.2, the curve with α=0.01 gives low value for f(cij) within the 75mi to 300mi 




distance. Trip length distribution in Figure 4.2 shows that most trips are within the 75mi to 300mi 
range, and few trips had lengths greater than 300mi. Thus, to reproduce the observed trip length 
distribution, the impedance function curve should be above the curve with α=0.01 for f(cij) within 
the 75mi to 300mi range, and below the curve with α=0.002 for f(cij) >300mi. This creates a 
reasonable range for parameter α to be calibrated from. 
























df        (4.9) 
where β is a parameter and dj is the perpendicular distance from destination centroids to the 
coastline of North Caroline, South Carolina and Georgia. In this study, the coastline was 
determined as the center of the threat location because of possible flooding and wind surge caused 
by the hurricane. The factor dj was introduced into the model to measure the destinations’ relative 
risk due to the hurricane. This distance determines if a zone is a risk zone or not. Zones with a 
smaller dj will have higher risk and vice versa. Travelers are unlikely to evacuate to destination 
zones with a small dj because of the hurricane threat. At the same time, travelers are also less 
likely to evacuate to destination zones with dj greater than 300mi to minimize travel costs, 
because all three origins are located next to coastline. Therefore, a left skewed curve can fulfill the 
need to give less weight to both types of zones: zones close to coastline and zones farther away 
from coastline. There are many left skewed distributions available, such as the gamma 
distribution, the Chi distribution, and the Weibull distribution. The Rayleigh distribution, a special 
case of the Chi distribution and Weibull distributions, was chosen for its unique properties. Its 




to the mode of trip frequencies in trip length distribution. Assuming the distance dj with the mode 
of trip frequencies is close to average trip length, the average trip length for the whole data set can 










        (4.10) 
dj however, was measured as the distance from the destination centroids perpendicular to the 
coastline instead of the shortest path cij from destination centroids to origin centroid. If dj is used 
to replace cij to calculate average trip length, c  will be shorter as dj is mostly shorter than cij. The 
distance with mode of trip frequencies was therefore assumed to be around 150mi from the 
coastline.  
The distance from the destination centroids to the coastline was all divided by 150mi to 
achieve the mode of trip frequency at around 1. The trip length frequency distribution (Figure 3.2) 
shows high trip frequencies are within the range of 75mi and 300mi and few trips have length 
greater than 300mi. Setting β limits as 0.8 and 2 will produce highest Rayleigh function values at 
dj of 75mi and 300mi respectively. The mode of trip frequency is within this range. This creates 
another reasonable range for parameter β to be calibrated from. Figure 4.3 shows Rayleigh curves 
with parameter β=0.8 and β =2. 
After setting the parameter ranges, a combined friction factor function can be derived in 
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Figure 4.3  Rayleigh density function curves 
The parameters are calibrated through Chi-square minimization process. The parameters of 
the combined friction factor function are taken in small steps within the predetermined range. OD 
matrices were estimated for every combination of the parameters in each small step. At each step, 
the Chi-square statistic is computed by comparing the estimated OD matrix with the observed OD 
matrix. The parameters that produced the lowest Chi-square statistic will be selected for final 
models (Cheng, 2007).  
A time-dependent gravity model can be developed which allows the time-dependent 
influence of hurricane threat and travel time to affect trip distribution. The model was developed 
to compare its performance with that of a time-dependent disaggregate destination choice model.  
The static model can be transformed to form a time-dependent gravity model. The singly 
constrained time-dependent gravity model has the form: 
),( 1 ijtjtjtitijt cdfAKPT         (4.12) 




K = balancing, factor,   










where CAj = attraction capacity of destination zone j. The capacity is observed destination trip 
frequencies. 
),( 1 jtijt dcf   is the combined impedance function of a Rayleigh function and a negative 
exponential function. The Rayleigh function for impedance to a risk area can add a time period 























df        (4.14) 
where djt = distance of destination zone j centroid to Hurricane Floyd location in time period t, 
β = parameter to be estimated. 
Also assume that travel time impedance is described by the negative exponential function 
as: 
 11 exp)(   ijtijt ccf          (4.15) 
where cijt-1 = travel cost or travel time between origin zone i and destination zone j in time period 
t-1 and α is the parameter to be estimated. Travel time impedance is lagged by one time interval 
because travelers observe existing network conditions before initiating their evacuation. The 

























     (4.16) 
As evacuation demand can be estimated, the model thus is treated as a production 





























1        (4.19) 
This becomes a model in logit-like form. Wilson (1970) has demonstrated that gravity 
model and logit model has essentially the same form. The dependent variable for logit model is 
discrete numbers, and it is required by statistical software. In order to estimate O-D matrices of 
the time-dependent gravity model, the following transformation procedure can be done. 
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2   iktijtktjtktjtktjtiktijtijt ccddddAATTy 
   (4.22) 




           (4.23) 
 2           (4.24) 
)()( 112
22
1   iktijtktjtijt ccddy        (4.25)  
which can be estimated by ordinary least square regression analysis using all j ≠ k,i,t observations. 
After least square estimation, the estimated parameters can be brought into (4.20) for prediction. 
4.4  Model Goodness-of-Fit 
There are multiple ways to measure the logit model Goodness-of-Fit (GOF), such as Cox 
and Snell's R2, Nagelkerke's R2, McFadden's R2, Pseudo-R2 as alternatives to the R-square in logit 
model. The likelihood ratio test is the most widely used statistic for testing GOF. McFadden 
(1974) suggested the likelihood ratio index to test GOF. Likelihood ratio is defined as: 
Likelihood Ratio = -2[(LL(C)-LL(β))   (4.26) 
where LL(C) is the log likelihood of the model at convergence, and LL(β) is the log 
likelihood of the model with ε = 0.   
 This statistic is Chi-square distributed; the degree of freedom is the number of independent 
variables in the model. Like other regression techniques, logistic regression involves the use of 
two hypotheses:  
 A Null hypothesis: all β coefficients are equal to zero, and,  
 Alternative hypothesis: alternative hypothesis assumes that not all β coefficients are 




McFadden’s R2 (McFadden, 1974) is another alternative to test GOF. The rule of thumb is 
that a good fit is obtained with an index value between 0.2 and 0.4. McFadden’s R2 is defined as: 
McFadden’s R2 = 1- [-2(LL(β)/-2LL(C)]     (4.27)  
Ben-Akiva and Lerman (1985) recommend also use the log likelihood ratio index , 
which is defined as:  
2
2 = )C(LL/)](LL)C(LL[         (4.28)  
It is a GOF measure that estimates the proportion of the initial log likelihood explained by 
the model.  is best suited in comparing different model specifications for the same dataset.  
This index is widely used in transportation. 
2
Estrella (1998) proposed a goodness of fit measure which has a similar explanation to R-




















         (4.29) 
The measurement takes values between 0 and 1 [0, 1], where 0 represents no fit and 1 
corresponds to a perfect fit. These tests can be applied to maximum likelihood estimates of 
discrete choice models. A t-test is used to assess the significance of individual variables in the 
logit models.  
The trip length distributions of the observed OD matrix and estimated OD matrix from both 
discrete choice models and gravity models can be compared using the Kolmogorov-Smirnov (KS) 
two sample test and paired samples t-test on trip length distribution. 
The closeness between the observed and estimated trip frequencies can be measured by 
statistical tests. The frequently-used measures of goodness-of-fit are the Mean Squared Deviation 




compute the mean of the squared deviation between each model predicted and observed trip 













      (4.30)  
where eij is the model prediction of OD trip frequency from origin i to destination j; oij  is the 
observed OD trip frequency from origin i to destination j, and n is the number of origin to 
destination pairs.  
4.5  Model Validation 
There are several approaches to validate the models. Split-sample validation is one of the 
methods. In split-sample calibration, the model is fit to some portion of the data, say 50% or 25%. 
The two sub models can both be fit and likelihood ratio index can be used to test GOF 
(McFadden, 1974). It is defined as: 
likelihood Ratio =  -2[(LL(βp)-LL(β1)-LL(β2)]     (4.31) 
where LL(βp) is the log likelihood of the model on the pooled data, and LL(β1) and LL(β2) are the 
log likelihood of the two sub models respectively. The null hypothesis of equal parameter on the 
two data sets can be tested by chi-squared test with degree of freedom equal to the number of 
parameters. 
The model can also be validated by applying parameter estimates from sub model 1 to sub 
model 2. Accuracy is measured on the predictions for the other half of the data with observed 
data.  
The models can also be validated with observed traffic flow data once dynamic traffic 
assignment is performed. Several links with recorded traffic counts from SCDOT are available for 




4.6  Model Transferability 
Transferability is an important issue in travel demand planning. With transferability between 
regions, the use of models developed in one region for forecasting will justify its use elsewhere.  
In order to test model transferability, hurricane Floyd survey data in Georgia will be 
prepared and analyzed. The parameter estimates obtained from South Carolina model will be 
applied to Georgia data. The results can be compared with observations of Georgia data set. 
The task is to conduct tests to examine whether transferability of destination choice models 
is a reasonably maintained hypothesis. 
4.7  Dynamic Traffic Assignment 
Hurricane evacuation usually produces extensive congestion on evacuation routes. Static 
traffic assignment assumes uniform travel demand during the analysis period which is clearly not 
true during the entire evacuation period. Therefore, to estimate time-dependent network 
conditions dynamic traffic assignment needs to be performed. There are two general DTA model 
categories – simulation based models and analytical approaches. Simulation models require 
intensive computation. Due to the large analysis areas, analytical approaches were considered to 
provide input of time-dependent OD travel costs for destination choice models in this study. 
The software chosen to perform the task is TransCAD 5.0 Dynamic Assignment procedure. 
The approach is based on Janson and Robles (1995)’s model, which converges to a dynamic user 
equilibrium solution.  
Highway network links were reduced to retain all interstate highways and official 
evacuation routes in South Carolina, and North Carolina, and Georgia (Appendix C). Centroid 
connectors were created and reviewed to ensure that zone centroids are connected to the actual 




network, 15 connectors per centroid were specified.  The connector road capacity was sufficiently 
high that no limit needed to be set on centroid connector length.  
The length of each time interval in DTA can vary with the application, but generally should 
be between 5 and 15 minutes for urban planning applications. The procedure in TransCAD does 
not restrict the time interval. The entire analysis period for hurricane Floyd was from midnight 
12th to midnight 15th of September 1999, a total of 96 hours.  To limit the number of time 
intervals in the model due to limited survey data and retain computational efficiency, each time 
interval was set to two hours.  The DTA model produces estimates of link flows and other traffic 
variables, such as volume-to-capacity ratios, link travel times, and optional link capacity 
reductions due to spillback, are for every 120 minutes during the analysis period. The trade-off for 
the long time interval is that computational efficiency is not a problem, but model accuracy might 
be compromised. Due to limited survey observation and very large scale network, even with much 
smaller analysis time interval, the detailed output may not be realistic. We believe it is appropriate 
to use long time interval for macroscopic hurricane evacuation planning.  
The BPR function (Bureau of Public Roads, 1964) was used as delay function to calculate 


















TTf 10         (4.32) 
where: 
Tf = final link travel time 
T0 = free-flow link travel time 




β = exponent (default set at 4.0) 
V= assigned traffic volume 
C= link capacity. Link capacity is set as 2400 pcphpl for freeways, 2000 pcphpl for divided 
routes and 1800 pcphpl for other roadways.  
The principle to set link capacity numbers is according to McShane, et al. (1998). The link 
capacities were created to apply spillback option as it is recommended by TransCAD (Caliper 
Corporation, 2007).  Spillback will affects the level of congestion and the geographic location of 
congestion points in the network.  
DTA procedure will output time-dependent travel skim matrices. The skim matrices 
represent the equilibrium travel time in minute from origin to destination if a traveler departs at 
the end of time period t. The skim matrix file has the same number of matrices as the input O-D 
matrix file. DTA procedure will also output flow, travel time and travel speed on each link. The 
link flow information can be used to validate the model. Appendix D shows samples of traffic 
loaded onto highway network. 
4.8  Network Condition Index 
Based on the time-dependent OD travel cost tables, a system wise network condition index 

























     (4.33) 
where: 
Ci,j,t = travel time from origin i to destination j at time period t; 




Figure 4.4 shows network condition index curve during the analysis period. Figure 4.5 
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Figure  4.5 Trip generation frequency of analysis time period 
Nearly 50% of evacuees left in one 6-h period. From Figure 4.5, it can be seen that 
evacuation trips hiked between period 28 and 36 followed by a much smaller wave demand 




trend. This means at the aggregate level, the time-dependent OD travel costs derived from the 
analytical dynamic traffic assignment procedure look meaningful.  
The travel cost output was tested with four time-dependent assignment procedures - user 
equilibrium, stochastic user equilibrium, user equilibrium with spillback, and stochastic user 
equilibrium with spillback. Figure 4.4 show network condition index comparison from different 
option settings for dynamic traffic assignment. Because spillback is recommended and stochastic 
user equilibrium is generally superior to ordinary user equilibrium, DTA with stochastic user 
equilibrium and spillback options was used for further analysis.  
Three new time-dependent variables were created from the DTA output: 
1. Time-dependent OD travel cost (DYNADIST); 
2. Network condition index (NETCON) measures general network congestion level at 
aggregate level. 















       (4.34)  
4.9  O-D Friend/Relative Availability Index 
 A time-dependent variable ODFRINDEX is introduced into the destination model. This 
variable indicates availability of friend/relative accommodation remaining at time intervals in 
percentage for each OD pair. In order to build the time-dependent variable, firstly friend/relative 
destination trip frequencies at each time interval in each traffic analysis zone were obtained. A 
saturation ratio (Sj) to indicate the usage of friend/relative accommodation can be calculation at 




j zone in Population
j  zone in trips ativefriend/rel of# 
S j        (4.35)
 Assuming the accommodation availability in 5 zones with most friend/relative trips will be 
depleted at the end of the study period. The reason to choose 5 zones is to mitigate the bias of 
sample error, because the maximum saturation ratio may be due to small denominator if only one 
zone is assumed to have accommodation availability depleted at the end of the study period. The 5 
zones are identified to calculate the base value of saturation ratio as: 
 trips ativefriend/rel most  withzones 5 in Population 
 trips ativefriend/rel most  withzones 5 in trips ativefriend/rel of# 
Sbase 
  (4.36)  
 A saturation adjustment factor (SAj) is calculated to indicate the percentage of 
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  Figure 4.6 shows a sample of ODFRINDEX saturated at end of study period and Figure 4











Figure 4.7  Sample of ODFRINDEX curve with saturation adjustment 
4.10  System Wise Hotel/Motel Availablity Index 
 A new time-dependent variable HMINDEX is introduced into the model in addition to Fu’s 




in percentage terms. In order to build the time-dependent variable, firstly a trip frequency at each 


























Figure 4.8  Hotel destination trip frequency 
 Assuming the availability will be depleted at the end of the study period. Based on hotel 















HMINDEX         (4.39) 
where Ht = number of evacuation trips with hotel/motel destinations at time period t.  
































4.11  O-D Hotel/Motel Availablity Index 
 Similar to ODFRINDEX variable, a new time-dependent variable ODHMINDEX is 
introduced into the destination model. This variable indicates availability of hotel/motel 
accommodation remaining at time intervals in percentage in each OD pair. A saturation ratio (Sj) 
to indicate the usage of hotel/motel accommodation can be calculation at each zone as: 
j zone in lhotel/mote of# 
j  zone in trips lhotel/mote of# 
S j        (4.40)  
 Similar to building ODFRINDEX variable, 5 zones with most hotel/motel trips are 
identified to calculate the base value of saturation ratio as: 
  tripslhotel/motemost  with zones 5in  lhotel/mote of # 
  tripslhotel/motemost  with zones 5in   tripslhotel/mote of# 

baseS   (4.41)  
 A saturation adjustment factor (SAj) is created to indicate the percentage of hotel/motel 
accommodation usage. SAj has the same formula as equation (4.37). 




















, 1       (4.42) 
where Hj,t = number of evacuation trips to hotel/motel destinations in zone j at time period t. 
 Figure 4.10 shows a sample of ODHMINDEX saturated at end of study period and Figure 










Figure 4.11  Sample of ODHMINDEX curve with saturation adjustment 
4.12  Time-Dependent Hurricane Striking Probabilities 
In order to capture the time-dependent effect of hurricane threat on destination choice, time-
dependent variable PROBHIT was created. PROBHIT is the hurricane striking probability on 




provide probability data over large areas of the hurricane’s projected path. An interpolation 
method was used to create new data points to the areas not listed on advisory reports according to 
the following rule.  
1. The TAZs neighboring Georgia and North Carolina coastline receive 50% PROBHIT of 
listed PROBHIT in coastal areas. 
2. In South Carolina, the TAZs neighboring the coastline receive 50% PROBHIT of listed 
PROBHIT. The TAZs which are two TAZs away from coastline receive 1/3 PROBHIT of 
listed PROBHIT in coastal areas. 
PROBHIT is specified in such a way that if a threatened area receives the maximum striking 
probability, the maximum value will remain for the rest periods of the study, because it is 
assumed that after hurricane is gone, the devastated area will remain in dangerous condition and 
will be unsuitable for people to travel to. Appendix E shows PROBHIT values on affected areas. 
The other areas not listed in the table receive PROBHIT value of 0, indicating that the destination 
areas have no hurricane threat.  
4.13  Evacuation Traffic Expansion Factor. 
The South Carolina coastal population was 1,455,000 in 1990 and 1,653,000 in 2000 (U.S. 
Census Bureau, 1991, 2002). By interpolation, the 1999 coastal population in South Carolina was 
1,633,200. Average household size was 2.53 (U.S. Census Bureau, 2002). 
 The evacuation rate averaged 65% in coastal evacuation areas during Hurricane Floyd. 
About 25% of households took two or more cars (Dow and Cutter, 2002). If it is assumed that 
15% of the households used two cars, and 10% used three cars, the average number of cars used 
per household would be 1.35. 1.35 cars were used for evacuation per household. Based on the 





Rate Evacuation ×  UsedVehicles Household Average × Population Costal S.C.
 =Factor Expansion 
    
= (1,633,200 × 1.35 × 65%)/2.53 = 566,500 vehicles   (4.43) 
Therefore, the time-dependent OD matrices can obtained by: 
Tijt = Pt × Pij × Expansion Factor       (4.44) 
where Tijt is trip totals between origin i and destination j at time interval t,  Pt is evacuation rate at 
time interval t obtained from sequential logit mode, and Pij is origin i to destination j trip 
percentage of total trips obtained by the destination logit choice model. An example of the 




CHAPTER 5  ANALYSIS AND RESULTS 
 
This chapter firstly presents results and analysis of an evacuation demand model. 
Destination trip distribution rates are then calculated based on a static discrete choice model. 
Based on the results of the previous two steps, dynamic traffic assignment is performed to get 
time-dependent traffic information. Travel time is obtained to feed back to the evacuation demand 
and destination choice models. Time-dependent destination choice models for friend/relative and 
hotel/motel destination types are then estimated. Peak period and off-peak period models are 
compared. The model is validated by split samples and link flow compared with observed traffic 
counts. The time-dependent choice model is transferred to Georgia and results are compared with 
observed evacuation trip frequencies. 
This chapter also reports on the development of time-dependent gravity model. A static 
gravity model is first run to develop trip distribution rates. Coupled with evacuation demands 
from the previous step, time-dependent OD matrices are estimated and dynamic traffic assignment 
is performed. Time-dependent gravity models are then estimated and compared with the 
performance of time-dependent destination choice models. 
5.1  Evacuation Demand Model  
South Carolina Floyd survey data was used to estimate a time-dependent trip demand model 
using the sequential logit model recommended by Fu (2004).  
5.1.1  Model Estimation 
The independent variables considered for inclusion are listed and defined in Table 5.1. For 
details about independent variables treatment, refer to Fu (2004). Two new independent variables 
– HMINDEX and NETCON as described in sections 4.10 and 4.8 respectively, are also included in 








GAMMADIST Gamma transformation of dynamic distance of respondent to the storm. 
TOD 
Time-of-day.  0 for night (8 p.m. to 5 a.m.), 1 for early morning (6 a.m. to 
9 a.m.), 2 for midday midday (10 a.m. to 3 p.m.), and 3 for late afternoon(4 
p.m. to 7 p.m.).  Three dummy variables. 
SPEED Forward speed of the hurricane (miles/hour). 
DYNAORDER 
Time-dependent evacuation order. 1 for voluntary, 2 for mandatory, and 0 
for none.  Two dummy variables. 
FLOOD 1 if the residence is in category 3 risk zone or above, 0 otherwise. 
MOBILE 1 if the residence is a mobile home, 0 otherwise. 
HMINDEX Availability of hotel/motel in percentage at time interval t. 
NETCON Network condition index (0-1) at time interval t. 
 
 The treatment of distance between the respondent and the approaching storm can lead to 
significantly different results. Fu postulated that when a hurricane is far away, its impact on 
evacuation is small and changes in distance will make little difference to the evacuate rate. 
Similarly, if the hurricane is close, people will once again be unresponsive because they do not 
want to be caught in the storm while evacuating, but in between is when distance to the storm is 
most influential. However, those impacts are not symmetric as distance changes.  The impact 
when distance is far away changes gradually; when that impact reaches a peak, it will decrease 
faster.  He believed that the shape of the gamma density distribution function represents such 
behavior well.  Therefore we transformed distance with a gamma distribution function in this 
application.  The GAMMADIST variable was used to capture the time-dependent impact of 
distance to the storm.   









 ,                                     (5.1) 
where x is the value at which one wants to evaluate the distribution, α is the shape parameter, β is 




asymmetric, with longer tails to the right.  This transformation allows different weights to be 
given to for different values of distance. Based on Fu’s analysis, a gamma density distribution 
which with shape factor (α) = 8 and scale factor (β) =0.6 was used for model estimate.  
 It is postulated that as hotels begin to fill, there will be a negative impact on evacuation 
trip generation. A new time-dependent variable HMINDEX is introduced to test that hypothesis. 
This variable reflects the availability of hotel accommodation remaining at each time interval.   
The model with the new variable HMINDEX and the model without the new variable are 
run. Table 5.2 shows the model summary results for both models.   
Table 5.2  Summary results of the sequential logit models 
Model with HMINDEX Model without HMINDEX Independent 
Variables   se( ) p-value   se( ) p-value 
INTERCEPT -10.888 0.808 <0.0001 -13.174 0.8221 <0.0001 
GAMMADISTan 13.599 0.602 <0.0001 14.4811 0.5912 <0.0001 
TOD(1) 1.990 0.160 <0.0001 1.9519 0.1598 <0.0001 
TOD(2) 2.709 0.144 <0.0001 2.4804 0.1409 <0.0001 
TOD(3) 1.980 0.157 <0.0001 1.8325 0.1553 <0.0001 
DYNAORDER(1) 0.657 0.090 <0.0001 0.5628 0.0885 <0.0001 
FLOOD 0.587 0.093 <0.0001 0.5137 0.0919 <0.0001 
MOBILE 0.392 0.133 0.003 0.3561 0.1322 0.0071 
SPEED 0.233 0.053 <0.0001 0.3478 0.0556 <0.0001 
HMINDEX -1.226 0.132 <0.0001  
LL(C) -3811.3 -3811.3 
LL( ) -3027.6 -3067.3 
2  0.206 0.195 
 
 Although the parameter for HMINDEX is significant with p-value <0.0001, the parameter 
sign contradicts the postulation that as the hotel/motel availability goes down, there will be less 
evacuation trips, and vice versa. This is caused by the decay shape of hotel/motel availability 
curve. Figure 5.1 shows the observed evacuation probabilities and the hotel/motel availability 
curve. The hotel/motel availability curve has a sharp down slope between peak period 30 and the 
end of the analysis period 48, which coincides with the high evacuation probabilities after time 




causing negative parameter sign of HMINDEX. An alternative explanation would be that evacuees 
compete for limited resource of hotel accommodation, and as a result, as hotel/motel availability 
index becomes smaller, the evacuation probabilities become higher. The model results without 
HMINDEX were used for further analysis. 
 The other new variable, network condition index (NETCON), requires travel time 
estimates by time interval so that it will only be tested in the demand model after dynamic traffic 
assignment is performed. 
 
Figure 5.1  Hotel/motel availability rate vs. evacuation probability 
5.1.2  Goodness-of-Fit 
The value of the likelihood ratio test statistic can be calculated for the adopted sequential 
logit model as: 
Likelihood ratio test (LR)  = -  )βL()βL( restrictededunrestrict

lnln2     




The 5% critical value [from a χ2df=8] is 15.51. Since LR>15.51, we reject the null hypothesis. 
Overall the model is statistically significant. 
 In general, all the coefficients of the independent variables have the right signs, and their 
values are significant at the 5% level of significance. The log likelihood ratio index = 0.195, 
indicates good model fit.  Figure 5.2 shows the comparison between observed and predicted time-
dependent trip probabilities. The model shows a good fit in the figure.   
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Figure 5.2  Predicted and observed evacuation probability 
5.2  Static Destination Discrete Choice Models 
The logit model used here is a combination of a multinomial logit and a conditional logit 
model. The variables yj that could potentially be used to describe destination attraction include: 
1. Travel costs (distance) to the destination (DIST in the model). The shortest path distances 
(miles) between origin and destination were calculated using the highway network in 
TransCAD to populate the database for all O-D pairs. 
2. Destination population (POP in the model) was used as a surrogate for the likelihood that 




3. Number of hotels/motels at destination (HOTEL in the model) was used as a surrogate 
for the likelihood that a hotel/motel will be found at that destination. 
4. Risk indicator of a destination’s vulnerability due to the path of the hurricane (DANGER 
in the model). This variable is entered in the format of a dummy variable indicating 
whether the destination falls within the region experiencing gale force winds or not. In 
Figure 3.7, the red and red striped areas were given the dummy variable value of 1 while 
all other areas received the value of 0. 
5. Destination ethnic percentage (ETHPCT in the model). This variable described the White 
population percentage in the destination zone. 
6. Metropolitan area indicator (MSA in the model). MSA was given the value 1 if a TAZ 
contains a major metropolitan area and 0 otherwise. 
7. Interstate highway proximity indicator (INTERSTA in the model). INTERSTA was 
measured by the number of Interstate highways a TAZ contains. This variable reflects the 
major traffic pressure developed on the Interstate system during the Floyd evacuation in 
South Carolina (Dow and Cutter, 2002). 
The variables considered to describe the characteristics of the household included the 
following: 
1. Personal income combined with evacuation distance (INCOMEFAR). INCOMEFAR has 
the value of 1 if a family has an annual income of $40,000 or higher and the destination 
distance is more than 100 miles, and 0 otherwise. This variable is included due to the 
findings of Baker (1998) that lower income families travel shorter distances to evacuate. 
2.  Education combined with evacuation distance (HIGHEDUFAR). HIGHEDUFAR has 




destination distance is more than 100 miles, and 0 otherwise. This variable is included 
due to the findings of Baker (1998) that families with high school degree or less will 
travel short distances to evacuate. 
3. Children influence on destination choice (CHILD). CHILD has the value 1 if a family 
has at least one child and the destination distance is less than 100 miles, and 0 otherwise. 
This variable is included due to the findings of Baker (1998) that households with young 
children travel shorter distance to evacuate. 
4. Ethnicity attraction on destination choice (ETHATTAC). ETHATTAC has the value 1 if 
the race of the survey respondent is the same as the majority destination race (65% or 
more), and 0 otherwise. For instance, if a survey respondent is white, and the destination 
where he/she evacuated to has a high percentage of white population (65% or more), 
ETHATTAC has a value 1, and 0 otherwise. 
Proc MDC of SAS was used to perform the MNL and conditional logit (CL) models. Proc 
MDC requires that the data contain as many rows as choices per observational unit; that is, if there 
are 400 observations, and each observation corresponds to a single choice from a set of 28 choices, 
then the input data set will have 400×28 rows. Appendix G shows a sample of SAS data input.  
Models for the friend/relative and hotel/motel type destinations were estimated. The 
variables in each model were selected if they had the correct sign and were significantly different 
to zero when tested by means of a t test. Like other logit models, the overall model was tested 
using a chi-square statistic with the null hypothesis that all coefficients are equal to zero. 
5.2.1  Friend/Relative Model 
There are 424 cases in the friend/relative model after data cleaning. The number of 




procedure. The estimation results for the friend/relative model are shown in Table 5.3. None of 
the household variables listed in the previous section were found to be significant. The variables 
shown in Table 5.3 all describe destination characteristics. 

















2.09E-07 4.27E-08 4.89 <.0001 
DANGER Risk Indicator -0.5057 0.1769 -2.86 0.0043 
MSA Metropolitan Area 1.3717 0.1869 7.34 <.0001 




0.3888 0.2074 1.87 0.0608 
Estrella 0.6854 
McFadden's LRI 0.1593 
 
The coefficients of the variables all have the correct signs. DIST has a negative sign, which 
reflects the impedance effect of travel distance. The POP has positive sign, as expected, as it 
reflects the likelihood that an evacuee will have a friend or relative in that location.  DANGER has 
a negative sign which indicate that hurricane-threatened areas deter their choice. MSA has a 
positive effect, indicating that evacuees are attracted to a destination with a metropolitan area. 
ETHPCT has a positive sign which indicates that the higher the White percentage, the more 
people will evacuate to friends and relatives in that area because evacuees are predominantly 
white. Estrella and McFadden’s LRI are measurements of the overall model performance and the 
results show reasonable performance. 
The comparison of the observed and predicted trip length distributions for the friend/relative 
model is shown in Figure 5.3. The trip length distributions of the observed and predicted trip 
length distributions were first compared using the Kolmogorov-Smirnov (KS) two sample test. 
Trip frequency was obtained every 50 miles from the origin centroids. The evacuation travel range 




a p-value 0.985 and the critical value of D at the 5% level of significance was 0.522 for a paired 
sample size of 11. Thus, the null hypothesis could not be rejected, suggesting no statistical 
difference between the two trip length frequency distributions. 
The model was further tested with a paired samples t-test. The T statistic obtained was 1.81 
with a p-value 1.00. The two tail critical value was 2.23 with 10 degrees of freedom. The null 




Figure 5.3  Trip length distributions for static friend/relative model 
 
5.2.2  Hotel/Motel Model 
There are 263 cases in hotel/motel model after data cleaning. The number of observations = 
263×28 =7,364 in the data set prepared for SAS Proc MDC procedure. The results for hotel/motel 

















DIST O-D Distance -0.00761 0.001195 -6.36 <.0001 
HOTEL 
Destination # of 
Hotels 
0.002104 0.000442 4.76 <.0001 
DANGER Risk Indicator -1.4279 0.2664 -5.36 <.0001 
INTERSTA Interstate Proximity 0.216 0.0628 3.44 0.0006 




0.5009 0.2593 1.93 0.0534 
Estrella 0.7271 
McFadden's LRI 0.1770 
 
The variable signs in the hotel/motel model are similar to the signs in the friend/relative 
model. The HOTEL coefficient has a positive sign which indicates the number of hotels is a valid 
surrogate for destination attraction in the hotel/motel model. INTERSTA has a positive effect to 
attract evacuees if a destination contains interstate highway. Estrella and McFadden’s LRI are all 
measurement of the overall model performance and the results show reasonable performance of 
the model. 
The estimated and observed trip length distributions for the hotel/motel model are shown in 
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The statistic D of KS test obtained was 0.28 with a p-value 0.736 with sample size 11, and 
the critical value of D at the 5% level of significance was 0.522. Therefore there was no statistical 
difference between the two trip length frequency distributions. The T statistic of paired samples t-
test obtained was 1.81 with a p-value 0.81. There was no significant difference between the two 
variables. 
5.2.3  Comparison of Peak and Off-Peak Model 
Both friend/relative and hotel/motel models were estimated separately on a peak period data 
set and an off-peak period data set to investigate whether taste variation (i.e. a change in estimated 
coefficient values) occurs between these two periods. Table 5.5 and Table 5.6 show the results of 
the peak period model and the off-peak period model comparison results for the two models 
respectively. 
Table 5.5  Comparison of off-peak and peak period of static friend/relative models 
Off-Peak 
# of observations = 175 
Peak 
# of observations = 249 Independent 
Variables   se( ) p-value   se( ) p-value 
DIST -0.008143 0.002234 0.0003 -0.004119 0.00096 <.0001 
POP 2.752E-07 8.191E- 0.0008 1.429E-07 3.818E- 0.0002 
DANGER -0.8899 0.4373 0.0418 -0.4817 0.1914 0.0118 
MSA 1.3983 0.3441 <.0001 1.632 0.1541 <.0001 
ETHPCT 1.9393 1.3331 0.1457 1.3121 0.5984 0.0283 
Estrella 0.7105 0. 6688 
McFadden's LRI 0.1900 0.1528 
 
Table 5.6  Comparison of off-peak and peak period of static hotel/motel models 
Off-Peak 
# of observations = 100 
Peak 
# of observations = 162 Independent 
Variables   se( ) p-value   se( ) p-value 
DIST -0.007509 0.001784 <.0001 -0.007835 0.00174 <.0001 
HOTEL 0.002144 0.000622 0.0006 0.001646 0.00057 0.0043 
DANGER -1.1933 0.4232 0.0048 -1.653 0.357 <.0001 
MSA 0.6996 0.383 0.0678 -0.2001 0.2879 0.4871 
ETHPCT 4.9604 1.1841 <.0001 3.5737 0.9511 0.0002 
INTERSTA 0.0697 0.122 0.5675 0.3131 0.0909 0.0006 
Estrella 0.7089 0.7195 





The off-peak period models outperform the peak period models for both the friend/relative 
and the hotel/motel models. Both Estrella and McFadden’s LRI are higher in the off-peak model 
than in the peak models. The distance is much more important as shown by the larger parameter 
value in the off-peak model than in the peak model in friend/relative model, but in hotel/motel 
model, this variable is about the same. In addition, choosing a destination out of the danger zone 
is a much more prevalent factor in the off-peak period than in the peak. Other factors, such as 
POP, MSA, and ETHPCT, which reflect the overall attractiveness of destinations are relatively 
unaffected. Overall, the difference in parameter values shows that evacuees are more 
discriminating in the off-peak than in the peak, supposedly because they perceive they have 
greater freedom to choose than in the peak period where the urgency is to get out of danger and 
not be too selective on the options. 
Figures 5.5 and 5.6 compare results between static model and static model with separate 
peak/off-peak analysis for friend/relative model and hotel/motel mode respectively. The curves in 
the figure show that the model predictions are not affected by the subdivision of the model into 
peak and non-peak models. 
  
 





Figure 5.6 Compare off-peak and peak period static hotel/motel models 
5.2.4  Time-Dependent O-D Tables Estimation 
The predicted OD trips from the static friend/relative destination choice model and the static 
hotel/motel destination choice model were combined to estimate the predicted OD trip rate Tij. 
Figure 5.7 shows the OD matrix cell value comparison between predicted and observed trip 
frequencies. The results from static destination choice model fits observed data well. Using the 
predicted time-dependent trip generation probability Pit and expansion factor, time-dependent O-
D matrices were estimated using equation (4.44). The resultant 48 time-dependent O-D trip tables 






















































































5.3  Time-Dependent Destination Choice Models 
5.3.1  Dynamic Traffic Assignment 
After inputting time-dependent O-D tables, DTA with spillback and stochastic user 
equilibrium was performed. O-D travel time skim tables were obtained to calculate the network 
condition index based on equation (4.33). Figure 5.8 shows the network condition index curve 
during the analysis period. Figure 5.8 also shows the trip generation frequency.  The network 
condition index curve in the figure shows a very similar trend to that of the trip generation 
frequency although there is a lag between trip generation and congestion which follows. The 
network condition index and trip generation frequency has a correlation of 0.865. Thus, at the 
macroscopic level, time-dependent OD travel costs derived from the analytical dynamic traffic 









The network condition index (NETCON) variable was included into the trip generation 
model to test its effect on evacuation demand. Table 5.7 shows the results of the estimation of a 
sequential logit model for trip generation with and without NETCON included. As can be seen, 
NETCON was not significantly different to zero (p-value =0.9501) even though it is intuitively 
expected that traffic congestion on the network (as characterized by the network condition index) 
would discourage evacuation. The log likelihood ratio index is virtually identical among the 
two models. One explanation might be that the dependent variable has been mostly explained by 
the independent variables. The closely correlated variable thus won’t show more effect in the 
model. 
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Table 5.7  Test network condition effect on evacuation demand 
Model with NETCON Model without NETCON Independent 
Variables   se( ) p-value   se( ) p-value 
intercept -13.164 0.8391 <.0001 -13.174 0.8221 <0.0001 
GAMMADISTan 14.525 0.917 <.0001 14.4811 0.5912 <0.0001 
TOD(1) 1.9568 0.1783 <.0001 1.9519 0.1598 <0.0001 
TOD(2) 2.4876 0.1815 <.0001 2.4804 0.1409 <0.0001 
TOD(3) 1.8342 0.1579 <.0001 1.8325 0.1553 <0.0001 
DYNAORDER(1 0.563 0.0886 <.0001 0.5628 0.0885 <0.0001 
flood 0.5137 0.0919 <.0001 0.5137 0.0919 <0.0001 
mobile 0.3563 0.1323 0.0071 0.3561 0.1322 0.0071 
speed 0.3475 0.0558 <.0001 0.3478 0.0556 <0.0001 
NETCON -0.7098 11.333 0.9501  
LL(C) -3811.3 -3811.3 
LL( ) -3067.3 -3067.3 
2  0.195 0.195 
 
5.3.2  Time-Dependent Friend/Relative Destination Choice Model 
A new variable DYNAPOPj,t-1 was created to capture the time-dependent change of 
destination attraction in terms of population. It captures the attraction magnitude of friend/relative 
in previous time interval. DYNAPOPjt-1, a function of destination population, as surrogate of 
friend/relative attraction in destination j at time t-1, was calculated as  




DYNADISTij,t-1, the O-D travel cost in previous time period was included in the model to replace    
O-D shortest path distance in static model. 
In order to capture the time-dependent effect of a hurricane threat on destination choice, the 
static DANGER variable was replaced with a time-dependent variable PROBHITj,t. PROBHITj,t is 
the hurricane striking probability on a destination at time t. The National Hurricane Center’s 
striking probability advisory only shows large area as the hurricane’s potential path. Interpolation 
was used to create data point to the areas not listed on advisory report in accordance with the 
procedure described in section 4.11. Unlike DYNAPOPj,t-1 and DYNADISTij,t-1, PROBHITj,t appears 
in the model in current time period t. The reason to use current hurricane striking probability is 
because most people will closely monitor hurricane route and intensity projection during 
evacuation and this information is easily accessible.   
Table 5.8 shows the time-dependent conditional logit model results of the friend/relative 
model.  













DYNADISTij,t-1 O-D Travel Cost at time t-1 -0.00510 0.000786 -6.49 <.0001 
DYNAPOPj,t-1 
Destination Friend/Relative 
attraction at time t-1 2.9E-07 4.71E-08 6.16 <.0001 
PROBHITj,t Striking Probability at time t -0.0248 0.004365 -5.69 <.0001 
MSA Metropolitan Area 1.3761 0.1755 7.84 <.0001 
ETHPCT White Percentage 1.5344 0.5418 2.83 0.0046 
ASC Alternative specific constant 0.2879 0.2063 1.40 0.1628 
Estrella 0.7042 
McFadden's LRI 0.1670 
 
The parameters of the significant variables which are characteristics of alternatives all have 
correct signs. DYNADISTij,t-1 replaced static DIST as a time-dependent variable in the model. It has 
a negative sign, which indicates the impedance effect of travel cost. DYNAPOPj,t-1 replaced static 




attractive effect of friend/relative accommodation. PROBHITj,t replaced static DANGER as a time-
dependent variable in the model. It has a negative sign, which indicates the deterrent effect of 
hurricane threat for people to evacuate to. All other variable parameters have the same sign and 
explanation as the static model. ODNETCON, the network condition on O-D pair, is not 
significant at 5% level. The network condition thus has little effect on destination choice and was 
dropped from the model. One explanation might be that the network condition influence on 
destination choice has been mostly explained by DYNADISTij,t-1. The correlated variable thus won’t 
show more effect in the model. 
The model was firstly tested with DYNADISTij,t  and DYNAPOPj,t as current values. The model 
results between current values and lagged values are close. Operating on lagged values allows the 
model to be updated from the last iteration. Because of the practical advantage in operation, 
lagged values of DYNADISTij,t  and DYNAPOPj,t  were adopted in time-dependent models. 
Estrella and McFadden’s LRI are measurement of the overall model performance and the 
results show good performance. Both Estrella and McFadden’s LRI are higher than the static 
model, indicating the model is improved by including time-dependent variables. 
Comparison of the trip length distributions produced by friend/relative time-dependent 
destination choice model is shown with the observed distribution in Figure 5.9. The trip length 
distributions of the observed OD matrix and estimated aggregated OD matrix from time-
dependent model were first compared using the Kolmogorov-Smirnov (KS) two sample test. Trip 
frequencies were obtained from every 50 mile intervals of distance from the origin centroids. The 
evacuation travel range was 0 to 550 miles. Therefore, the sample size was 11. The test statistic D 




was 0.522 for both sample sizes as 11. Thus, the null hypothesis could not be rejected, suggesting 
that no statistical difference between the two trip length frequency distributions. 
The model was further tested with a paired samples t-test. The T statistic obtained was 0.27 
with a p-value 0.79. The two tail critical value was 2.23 with 10 degrees of freedom. The null 
hypothesis again could not be rejected and there was no significant difference between the two 
variables. It can be seen in Figure 5.9 that the time-dependent model fits better than the static 
model. 
Root Mean Squared Deviation (RMSD) for static trip frequency and observed trip frequency 
for each OD pair was calculated as 4.054. RMSD for time-dependent trip frequency and observed 
trip frequency for each OD pair was calculated as 3.291. The time-dependent model produced less 
RMSD, indicating improved model. Figure 5.10 show trip frequencies of each OD pair for time-
dependent model, static model and observed values. 
 
 






Figure 5.10  Time-dependent friend/relative destination choice model OD trip frequency 
 
5.3.3  Time-Dependent Hotel/Motel Destination Choice Model  
Similar to DYNAPOPj,t-1, a new variable DYNAHOTELj,t-1 was created to capture the time-
dependent destination attraction in term of hotel/motel accommodation. DYNAHOTELj,t-1 is 
calculated as  
DYNAHOTELj,t-1 = HOTELj × ODHMINDEXj,t-1    (5.3) 
Table 5.9 shows the time-dependent conditional logit model results of hotel/motel model. 













DYNADISTij,t-1 O-D Travel Cost at Time t -0.00373 0.000923 -4.04 <.0001 
DYNAHOTELj,t-1 
Destination # of Hotel 
Remaining 0.001584 0.000472 3.35 0.0008 
PROBHITj,t Striking Probability at Time t -0.012 0.005317 -2.27 0.0235 
ETHPCT White Percentage 3.6891 0.7146 5.16 <.0001 
INTERSTA Network Condition 0.3184 0.0556 5.73 <.0001 
ASC Alternative Specific Constant 0.8405 0.2573 3.27 0.0011 
Estrella 0.6705 
McFadden's LRI 0.1535 
 
Similar to time-dependent friend/relative model, none of individual variable variables are 




have correct signs. DYNADISTij,t-1 replaced static DIST as a time-dependent variable in the model. It 
has a negative sign, which indicates the impedance effect of travel cost. DYNAHOTELj,t-1 replaced 
static HOTEL as a time-dependent variable in the model. It has a positive sign, which indicates the 
attractive effect of hotel/motel accommodation. PROBHITj,t replaced static DANGER as a time-
dependent variable in the model. It has a negative sign, which indicates the deterrent effect of 
hurricane threat for people to evacuate to. ODNETCON is not significant in the model. The 
network condition thus has little effect on destination choice. MSA is not significant in this model, 
but INTERSTA becomes significant with positive sign. All other variable parameters have the 
same sign and explanation as the static model. Estrella and McFadden’s LRI are measurement of 
the overall model performance and the results show reasonable performance. Both Estrella and 
McFadden’s LRI are lower than the static model. This may be caused by the limited number of 
observations available for this estimation. After data clean up, there were only 263 observations.  
The comparison of the trip length distributions for hotel/motel model is shown in Figure 
5.11. The trip length distributions of the observed OD matrix and estimated aggregated OD matrix 
from time-dependent model were first compared using the Kolmogorov-Smirnov (KS) two sample 
test. The test statistic D obtained was 0.091 with a p-value 1 and the critical value of D at the 5% 
level of significance was 0.522 for both sample sizes as 11. Thus, the null hypothesis could not be 
rejected, suggesting that no statistical difference between the two trip length frequency 
distributions exists. The model was further tested with a paired samples t-test. The T statistic 
obtained was 0.236 with a p-value 0.818. The null hypothesis again could not be rejected and 
there was no significant difference between the two variables.  
Root Mean Squared Deviation (RMSD) for static trip frequency and observed trip frequency 




trip frequency for each OD pair was calculated as 8.853. Static model fits better than time-
dependent model. This may due to limited sample size. The comparison of the O-D estimates for 
the hotel/motel model is shown in Figure 5.12. 
 
Figure 5.11  Time-dependent destination choice hotel/motel model trip length frequency 
 
 
Figure 5.12  Time-dependent hotel/motel destination choice model OD trip frequency 
5.3.4  Peak/Off-Peak Comparison 
The impact of peak and off-peak conditions on destination choice was also investigated. 




peak periods as shown in Tables 5.10 and 5.11 for the friend/relative and hotel/motel destination 
types, respectively.  
Table 5.10  Compare off-peak and peak period time-dependent friend/relative models 
Off-Peak 
# of observations = 175 
Peak 
# of observations = 249 Independent 
Variables   se( ) p-value   se( ) p-value 
DYNADISTij,t-1 -0.00828 0.00175 <.0001 -0.00383 0.00095 <.0001 
DYNAPOPj,t-1 3.94E-07 8.19E- <.0001 2.44E-07 5.94E- <.0001 
PROBHITj,t -0.0335 0.00647 <.0001 -0.0173 0.00645 0.0075 
MSA 1.388 0.2877 <.0001 1.3782 0.2263 <.0001 
ETHPCT 1.4992 0.912 0.1002 1.8107 0.6959 0.0093 
ASC 0.4538 0.3221 0.1588 0.081 0.2826 0.7744 
Estrella 0.8104 0.6284 
McFadden's LRI 0.2208 0.1380 
 
Table 5.11  Compare off-peak and peak period time-dependent hotel/motel Models 
Off-Peak 
# of observations = 101 
Peak 
# of observations = 162 
 
Independent 
Variables   se( ) p-value   se( ) p-value 
DYNADISTij,t-1 -0.00562 0.001797 0.0018 -0.00464 0.00129 0.0003 
DYNAHOTELj,t-1 0.002295 0.000873 0.0086 0.001586 0.00061 0.0103 
PROBHITj,t -0.00125 0.00647 0.8474 -0.0385 0.00928 <.0001 
ETHPCT 5.5465 1.2464 <.0001 2.3631 0.8866 0.0077 
INTERSTA 0.3001 0.0998 0.0026 0.2884 0.0714 <.0001 
ASC 1.5587 0.3814 <.0001 0.1019 0.364 0.7794 
Estrella 0.7310 0.6934 
McFadden's LRI 0.1788 0.1625 
 
The time-dependent model for off-peak period outperforms the model for peak period. Both 
Estrella and McFadden’s LRI are high in off-peak model than the overall models. As in the case 
of estimation of evacuation demand, the off-peak model displays greater responsiveness of 
evacuees to prevailing congestion (as characterized by the time-dependent travel time between 
origin and destination in the variable DYNADIST), the attractiveness of the destination (as 
reflected in the variables DYNAPOP and ETHPCT), and the danger of the destination 
(PROBHIT). In the peak period evacuees are apparently prepared to discount these factors in the 
quest of getting out of harm’s way. Other factors, such as POP, MSA, and ETHPCT, which reflect 




 To compare the model parameter estimates, likelihood ratio between full model and the 
two sub models are calculated for both models as: 
Likelihood Ratiofriend/relative =  -2[(LL(βfull)-LL(βpeak)-LL(βoff-peak))  
    =-471.979+229.07+257.51=14.60 
Likelihood Ratiohotel/motel =  -2[(LL(βfull)-LL(βpeak)-LL(βoff-peak))  
   =-268.95+175.48+120.38=26.91 
The likelihood ratios are compared with chi-square statistic. The null hypothesis is that the 
two sub model parameters have equal estimates. Chi-square statistic with 5 degree of freedom at 
5% level of significance is 11.07. Therefore, the parameter estimates are statistically different 
between peak period data set and off-peak period data set for both friend/relative model and 
hotel/motel model  
Although the parameter estimates are different, Figure 5.13 and 5.14 show that model 









Figure 5.14  Compare off-peak and peak period time-dependent hotel/motel models 
5.3.5  Model Validation 
5.3.5.1  Split Sample Validation for Friend/Relative Model 
The friend/relative data set was separated into two data sets. One data set had 216 cases 
(50.9% of the total sample) and 6049 observations and the other data set had 208 ids (49.1% of 
the total sample) and 5824 observation. Table 5.12 shows estimation results of the two split 
models compared to the estimation results with the full model. All parameter estimates and 
goodness of fit measures are within close range of each other, indicating the models are not 
significantly impacted by the split.  
The two sub model parameter estimates was compared by likelihood ratio test as: 
Likelihood Ratio =  -2[(LL(βfull)-LL(βsubmodel1)-LL(βsubmodel2)]  
=-471.97+258.46+218.06=4.55 
The likelihood ratio is compared with chi-square statistic. The null hypothesis is that the two 
sub model parameters have equal estimates. Chi-square statistic with 5 degree of freedom at 5% 
level of significance is 11.07. Because log likelihood is less than the critical value, null hypothesis 




Table 5.12  Comparison of split models with full model of friend/relative model 
Full Model 
# of obs. = 424 
Sub Model 1 
# of observations = 216 
Sub Model 2 
# of observations = 208 Independent 
Variables 
β p-value β p-value β p-value 
DYNADISTij,t-1 -0.00510 <.0001 -0.00553 <.0001 -0.00469 <.0001 
DYNAPOPj,t-1 2.9E-07 <.0001 3.19E-07 <.0001 2.614E-07 <.0001 
PROBHITj,t -0.0248 <.0001 -0.0322 <.0001 -0.0182 0.0019 
MSA 1.3761 <.0001 1.2672 <.0001 1.4936 <.0001 
ETHPCT 1.5344 0.0046 1.8043 0.0202 1.2331 0.1044 
ASC 0.2879 0.1628 0.4203 0.1415 0.1318 0.6598 
Estrella 0.6940 Estrella 0.7326 Estrella 0.6832 









The model was further validated by fitting parameter estimates of sub model 1 in to sub 





ASC) ×0.4203+ ETHPCT×1.8043+MSA  1.2672×+ PROBHIT 0.0322×-DYNAPOP899×0.00000031+DYNADIST×(-0.00553






 Figure 5.15 shows comparison between fitted and observed trip length distributions of sub 
model 2. 
 




5.3.5.2  Split Sample Validation for Hotel/Motel Model 
The hotel/motel data set was separated into two data sets. One data set had 124 cases (47.1% 
of the total sample) and 3472 observations and the other data set had 139 ids (52.9% of the total 
sample) and 3892 observation. Table 5.13 shows estimation results of the two split models 
compared to the estimation results with the full model. All parameter estimates and goodness of 
fit measures are within close range of each other, indicating the models are not significantly 
impacted by the split.  
Table 5.13  Comparison of split models with full model of hotel/motel model 
Full Model 
# of obs. = 263 
Sub Model 1 
# of observations = 124 
Sub Model 2 
# of observations = 139 Independent 
Variables β p-value β p-value β p-value 
DYNADISTij,t-1 -0.00373 <.0001 ‐0.0042  0.0018  ‐0.00334  0.0087 
DYNAHOTELj,t-1 0.001584 0.0008 0.001538  0.0286  0.001606  0.0121 
PROBHITj,t -0.012 0.0235 ‐0.0135  0.0844  ‐0.0107  0.1411 
ETHPCT 3.6891 <.0001 3.1552  0.0022  4.1848  <.0001 
INTERSTA 0.3184 <.0001 0.3288  <.0001  0.3139  <.0001 
ASC 0.8405 0.0011 0.7897  0.0317  0.8842  0.0145 
Estrella 0.6705 Estrella 0.6659  0.0018  0.6797 
McFadden's LRI 0.1535 McFadden's LRI 0.1517  McFadden's LRI 0.1571 
Likelihood Ratio 268.96 Likelihood Ratio 125.34 Likelihood Ratio 145.49 
 
 The two sub model parameter estimates was compared by likelihood ratio test as: 
Likelihood Ratio =  -2[(LL(βfull)-LL(βsubmodel1)-LL(βsubmodel2)]  
=-268.96+125.34+145.49=1.87 
The likelihood ratio is compared with chi-square statistic. The null hypothesis is that the two 
sub model parameters have equal estimates. Chi-square statistic with 5 degree of freedom at 5% 
level of significance is 11.07. Because log likelihood is less than the critical value, null hypothesis 
cannot be rejected and the two sub models have equal parameter estimates. 
The model was further validated by fitting parameter estimates of sub model 1 in to sub 















Figure 5.16 shows comparison between fitted and observed trip length distributions of sub 
model 2. 
 
Figure 5.16  Trip length distributions of fitted hotel/motel sub model 
.  Table 5.14 shows the comparison of statistical tests for full model and split model on trip 
length distributions. The tests show that there is no statistical difference between fitted and 
observed trip length distributions. 
Table 5.14  Comparison of split models with full model 
Kolmogorov-Smirnov Test Paired Sample t-test 
Model 
Trip Length Distribution 
Comparison Tests D Statistic P-value T Statistic P-value 
Friend/Relative 
Sub Model 2 fitted 
by sub model 1 
0.182 0.986 0.315 0.208 
Hotel/Motel 
Sub Model 2 fitted 
by sub model 1 
0.182 0.986 0.759 0.839 
5.3.5.3  Link Traffic Flow Validation 
Most available traffic count stations in this study are located within or close to metropolitan 




model traffic is loaded onto network from centroid connectors which extend quite far from the 
centroids of TAZs which often coincide with metropolitan areas. Thus, for links within or close to 
metropolitan area, it is difficult to predict traffic flow accurately from TransCAD DTA. In order 
to make meaningful comparisons, stations selected need to be further away from urban areas and 
the complicated highway network that prevails in those areas, so that traffic can be more 
accurately assigned to the link. There is only one count station identified to fulfill this 
requirement, and that station is Station #B48, located on US21 South of S238 close to Beaufort in 
South Carolina. Figure 5.17 shows the predicted and observed traffic flow at count station #B48. 
Traffic flows eastbound, the expected direction of evacuation traffic, are similar between 
predicted value and observed values. There is low traffic flow on observed westbound and the 
model assigned no evacuation traffic flow in this direction. Overall, on this link, the model system 
performs well.  






























































































5.3.6  Model Transferability 
To test the transferability of the time-dependent destination choice models established in 
this study, the following additional data was acquired: 
1. Hurricane Floyd Survey Data in Georgia 
2. Hurricane Floyd Archive data from NOAA 
3. Demographic and Geographic Data in TransCAD 
5.3.6.1  Hurricane Floyd Survey Data in Georgia 
The evacuation data used in this study was obtained from a telephone survey of hurricane 
Floyd evacuation conducted by the U.S. Army Corps of Engineers. After data cleaning, 405 cases 
(households) evacuated to friend or relatives from the southern and northern coastal areas of 
Georgia. Those were treated as the only two origins in the model. 
5.3.6.2  Destination Zone Aggregation 
Similar to South Carolina models, the traffic analysis zone were aggregated based on 
principles in Chapter 3. Georgia was given smaller zones and the zones are basically created by its 
own economic regions as shown in Figure 5.18.  
 




21 TAZs were created as shown in the Figure 5.18. Zone #12 along Georgia coastline in 
Figure 3.6 (South Carolina traffic analysis zone map) was further divided into two origin zones. 
The zonal demographic information is shown in Appendix H. Estimation of the dynamic 
hurricane striking probability (PROBHIT) is shown in Appendix I. 
5.3.6.3  Conditional Logit Model Transferred to Georgia Data 
Using the information above, a data set was created for the friend/relative destination choice 
for evacuees from coastal Georgia. The data was estimated by fitting parameter estimates from 
South Carolina model. A conditional logit model was firstly estimated on South Carolina data. 
The same model specification was used as in section 5.3.2, with the exception of distance to origin 
(DIST) and population (POP). Dynamic travel cost was not tested in the model validation process 
is because 1). the model building is very time consuming and cost prohibitive; 2). in real hurricane 
emergency planning, the dynamic travel cost is unknown and will be expensive to model, but the 
shortest path is easily available; and 3). although the survey data contains travel time duration 
information, the reliability of the information based on people’s recollection is unknown. 
Table 5.15 shows model results based on South Carolina data. The model performs 
reasonably well. The Estrella statistic is 0.7154 and McFadden's LRI 0.1718, indicating a 
reasonably well fit. 










t Value p-value 
DIST O-D Distance -0.00707 0.001017 -6.96 <.0001 
POP Destination Pop. 3.26E-07 4.80E-08 6.8 <.0001 
PROBHITj,t 
Striking Probability 
at time t 
-0.026 0.004261 -6.1 <.0001 
MSA Metropolitan Area 1.1431 0.1902 6.01 <.0001 




0.2551 0.213 1.2 0.231 
Estrella 0.7154 




The model was validated by submitting parameter estimates of South Carolina data into 


















Figure 5.19  Trip length distribution of Georgia data 
The curve fitted by South Carolina model parameters has a similar curve shape as the 
observed, but is less ideal when travel distance is less than 200 miles. This may be because the 
hurricane threats to the two states are different. Hurricane was further away from Georgia 
coastline as seen in Figure 5.18 and the hurricane did not post a severe threat as it did on South 
Caroline coastline. The first peak indicates that people perceive that 100 miles away from 
coastline will be safe to evacuate, and the second peak is due to the Atlanta mega metropolitan 




The trip length distributions of the fitted and observed curves were first compared using 
Kolmogorov-Smirnov (KS) two sample test. Trip frequency was obtained every 50 miles from the 
origin centroids. The evacuation travel range was 0 to 450 miles. Therefore, the sample size was 
9. The test statistic D obtained was 0.333 with a p-value 0.662 and the critical value of D at the 
5% level of significance was 0.666 for both sample sizes as 9. Thus, the null hypothesis could not 
be rejected, suggesting that no statistical difference between the two trip length frequency 
distributions. 
The model was further tested with a paired samples t-test. The T statistic obtained was 0.019 
with a p-value 0.985. The two tail critical value was 2.306 with 8 degrees of freedom. The null 
hypothesis again could not be rejected and there was no significant difference between the two 
variables.  
Based on the statistical comparison, the conditional logit model based on South Carolina 
data is transferable to perform hurricane destination choice in other locations, and therefore, will 
be useful for practice. 
5.4  Time-Dependent Gravity Models 
5.4.1  Static Gravity Model 
5.4.1.1  Friend/Relative Model 
Firstly, a static gravity model is calibrated for time-dependent OD estimation based on 
gravity model. The model was first applied for the friend/relative model. Parameter α of negative 
exponential function was taken the value from 0.001 to 0.01 at step 0.001. Parameter β of the 
Rayleigh function was taken from 0.5 to 2 at step 0.1. This created 10×15=150 runs. For each run, 
















2         (5.4) 
where oij = observed trip frequency from origin i to destination j, 
eij = Estimated trip frequency from origin i to destination j.      
The 150 Chi-square statistics were ranked and the parameters that produced the lowest Chi-
square statistic were α=0.006 and β=1.9. After submitting α and β values, the friction factor 























The trip length distributions of the observed OD matrix and estimated OD matrix were first 
compared using Kolmogorov-Smirnov (KS) two sample test. Trip frequency was obtained every 
50 miles from the origin centroids. The evacuation travel range was 0 to 550 miles. Therefore, the 
sample size was 11. The test statistic D obtained was 0.18 with a p-value 0.985 and the critical 
value of D at the 5% level of significance was 0.522 for both sample sizes as 11. Thus, the null 
hypothesis could not be rejected, suggesting that no statistical difference between the two trip 
length frequency distributions. 
The model was further tested with a paired samples t-test. The T statistic obtained was 0.27 
with a p-value 0.79. The two tail critical value was 2.23 with 10 degrees of freedom. The null 
hypothesis again could not be rejected and there was no significant difference between the two 






Figure 5.20  Trip length distributions for static friend/relative gravity model 
5.4.1.2  Hotel/Motel Model 
The same procedure was conducted with the Chi-square minimization process for the 
hotel/motel model. When α=0.004 and β=1.5, Chi-square is at minimum. The friction factor 























The estimated and observed trip length distributions for the hotel/motel model are shown in 
Figure 5.21. The statistic D of KS test obtained was 0.28 with a p-value 0.736 with sample size 
11, and the critical value of D at the 5% level of significance was 0.522. Therefore there was no 
statistical difference between the two trip length frequency distributions. The T statistic of paired 
samples t-test obtained was 1.01 with a p-value 0.34. There was no significant difference between 





Figure 5.21  Trip length distributions for static hotel/motel gravity model. 
The estimated and observed average trip lengths for both models are shown in Table 5.16. 
The results are satisfactory as the difference between estimated and observed was slim (-0.51% 
for friend/relative model and 1.07% for hotel/motel model). The average trip length of the 
hotel/motel model was longer than that of the friend/relative model. It shows the different travel 
pattern between the two types of destination. One can conclude that evacuees would travel longer 
distances to find available hotel/motel rooms during a hurricane evacuation. 





Trip Length (mi) 
Estimated 
Average 
Trip Length (mi) 
% Different Between 
Observed and Estimated 
Friend/Relative Model 219 217 -0.51% 
Hotel/Motel Model 242 245 1.07% 
 
5.4.1.3  Time-Dependent O-D Tables Estimation 
The predicted OD trips from the static friend/relative gravity model and the static 




Figure 5.22 shows the OD matrix cell value comparison between predicted and observed trip 
frequencies. The results from static gravity model fits observed data well. Using the predicted 
time-dependent trip generation probability Pit and expansion factor, time-dependent O-D matrices 
were estimated using equation (4.44). The resulting 48 time-dependent O-D trip tables were 
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Figure 5.22  Static gravity model  OD estimation comparison 
5.4.2  Time-Dependent Gravity Model 
5.4.2.1  Friend/Relative Model 
Based on the methodology described in section 4.3.2, an ordinary least square regression 
was performed on a transformed time-dependent gravity model. There are 3 origins and 28 
destinations, which creates 3×28=84 O-D pairs. For each O-D pair, there are 27 transformed linear 
equations (refer to equation 4.22). So for 48 time intervals, there are total of 84×27×48=10884 
cases. The regression model firstly included an interception term, but the term did not show 















)( 22 ktjt dd   -6.41879E-8 3.17704E-10 -202.04 <.0001 
)( 11   iktijt cc  -0.01004 0.00003757 -267.10 <.0001 
Number of observations 10884 
R-Square 0.5307 
Durbin-Watson D 1.369 
 
The model shows a reasonable good fit with R-square = 0.5307, however, a low Durbin-
Watson D indicates the errors are autocorrelated. Ordinary least square estimation provides Best 
Linear Unbiased Estimators (BLUE). In case of autocorrelation, the estimators are no longer 
BLUE (Wooldrige, 2003). This may be due to correlation of dependent variables and independent 
variables in the model shown in Table 5.17, as adjoining two O-D pairs in the database can 
contain the same variable. However, autocorrelation leads to an inefficient estimator but still 
remains an unbiased estimator. 



































































The model was applied to the Floyd data from South Carolina to produce a time-dependent 
trip distribution matrix. A trip length frequency distribution was calculated from these results. A 
comparison of the observed and predicted trip length distributions by time-dependent gravity 
model and destination model for the friend/relative model is shown in Figure 5.23. The trip length 
distributions of the observed and predicted trip length distributions by time-dependent gravity 




0.182 with a p-value 0.986 and the critical value of D at the 5% level of significance was 0.522 
for a paired sample size of 11. Thus, the null hypothesis could not be rejected, suggesting no 
statistical difference between the two trip length frequency distributions. 
The paired sample T statistic of paired samples t-test obtained was 0.115 with a p-value 
0.911. There was no significant difference between the two distributions.  
Table 5.18 shows two sample tests between time-dependent gravity model and destination 
choice model with observed trip length distribution. Based on the KS test and paired sample T test 
results, the time-dependent gravity model has the same KS results as the time-dependent 
destination choice model. The paired sample results are comparable. Overall time-dependent 
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Figure 5.23  Time-dependent friend/relative gravity model comparison 
Table 5.18  Comparison between time-dependent gravity model and destination choice model 
(friend/relative model) 
Kolmogorov-Smirnov Test Paired t-test Trip Length Distribution 
Comparison Tests D Statistic P-value T Statistic P-value 
Observed vs. Time-dependent Gravity 
Model 0.182 0.986 0.115 0.911 
Observed vs. Time-dependent Choice 




5.4.2.2  Hotel/Motel Model 
The same procedure was applied to the hotel/motel model. Table 5.19 shows the model 
results.  











)( 22 ktjt dd   -3.50242E-8 6.09824E-11 -574.33 <.0001 
)( 11   iktijt cc  -0.00168 0.00000721 -232.65 <.0001 
Number of observations 10884 
R-Square 0.7910 
Durbin-Watson D 0.862 
 
The model shows a good fit with R-square = 0.7910, however, a low Durbin-Watson D 
indicates the errors in the model are autocorrelated. This may be again due to correlation of 
dependent variables and independent variables in the model, as two O-D pairs can share the same 
variable. 



































































Applying the model to the hotel/motel evacuees in the South Carolina Floyd data produce a 
time-dependent trip distribution matrix from which the trip length frequency distribution shown in 
Figure 5.24 was derived. The observed and predicted trip length distributions from the time-
dependent destination model for the hotel/motel model are also shown in Figure 5.24. The trip 
length distributions of the observed and predicted trip length distributions by time-dependent 




obtained was 0.182 with a p-value 0.986 and the critical value of D at the 5% level of significance 
was 0.522 for a paired sample size of 11. Thus, the null hypothesis could not be rejected, 
suggesting no statistical difference between the two trip length frequency distributions. 
The paired sample T statistic of paired samples t-test obtained was 0.119 with a p-value 
0.908. Thus, there was no significant difference between the two distributions.  
Overall, Figure 5.24 shows that the destination choice model has better fit at around 300 
miles away from origin than the time-dependent gravity model, but has less fit at around 200 
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Figure 5.24  Time-dependent hotel/motel gravity model comparison 
Table 5.20 shows two sample tests between the time-dependent gravity model and the time-
dependent destination choice model with observed trip length distribution. Based on the KS test 
and paired sample T test results, time-dependent gravity model has the same KS results as 





Table 5.20  Comparison between time-dependent gravity model and destination choice model 
(hotel/motel model) 
Kolmogorov-Smirnov Test Paired t-test 
Comparison Tests 
D Statistic P-value T Statistic P-value 
Observed vs. Time-dependent Gravity 
Model 0.182 0.986 0.119 0.908 
Observed vs. Time-dependent Choice 





CHAPTER 6  CONCLUSIONS AND DIRECTIONS FOR FUTURE RESEARCH 
 
6.1  Summary of This Study 
This dissertation has examined time-dependent modeling capabilities of discrete choice and 
gravity models for hurricane evacuation destination choice. Time-dependent destination choice 
model is an important component of a hurricane evacuation modeling system. The model forecast 
capabilities can help policy-makers and emergency managers prepare evacuation plans more 
effectively. 
In Chapter 1, we identified the need for time-dependent destination choice models in the 
absence of past research in this area and the need to maintain the time-dependent nature of the 
evacuation modeling process.  Dynamic traffic assignment (DTA) is the appropriate trip 
assignment process to be used in evacuation modeling because of the time-dependent effects of 
the hurricane threat, network conditions, and evacuation behavior over the entire analysis period.  
New methods of time-dependent destination choice estimation are proposed in this study, both at 
aggregate level and disaggregate level. 
A literature review of trip distribution for hurricane evacuation was conducted in Chapter 2.  
Current practice methods in hurricane trip distribution are mostly subjective or empirical. Only 
limited research has been conducted in the area of evacuation trip distribution, but none have 
addressed time-dependent OD matrices estimation specifically designed for hurricane evacuation 
planning. Time-dependent OD estimation methods were reviewed, including time-dependent 
gravity models, time-dependent discrete choice models, time-dependent OD estimation based on 
travel survey, and time-dependent trip distribution models based on link volume. We consider link 
volume methods as inappropriate to calculate time-dependent OD matrices during hurricane 




Time-dependent gravity models and time-dependent discrete choice models were considered 
candidate methods for this research. 
In Chapter 3, the South Carolina post-Floyd household survey dataset used in this study was 
introduced. The Floyd data included evacuation time, destination type, and location information. 
The data set was separated into two data sets for two major types of destination choice – one for 
those who chose home of friends and relatives as their destination, and the other for those who 
chose hotel or motels, because evacuation trip length distributions show different travel 
characteristics for these two destination choice. Destinations were aggregated into 28 traffic 
analysis zones based on hurricane threat, travel cost, and the destinations’ socioeconomic and 
geographic characteristics. Several other pertinent data were also introduced in this chapter, 
particularly time-dependent data on characteristics of the storm and changing conditions in the 
analysis area. 
In Chapter 4, two methods were proposed for their capability to model time-dependent 
destination choice for hurricane evacuation. The first method was discrete choice models. The 
model is a combination of the multinomial logit model and the conditional logit model. The 
multinomial logit model captures the personal/household characteristics influence on destination 
choice. The conditional logit model captures the alternatives (destinations) characteristics effect 
on destination choice. The second method investigated was a gravity model.  In the gravity model, 
the impedance function is a combined negative exponential (time-dependent travel cost) and 
Rayleigh function (distance from destination to hurricane location at time t). The model is solved 
by ordinary least square regression after transformation. This chapter also introduced a network 
condition index and a destination accommodation availability index as time-dependent variables 




Using the data discussed in Chapter 3, the time-dependent trip distribution methods 
discussed in Chapter 4 were estimated in Chapter 5. The trip distribution models were applied to 
friend/relative destination type and hotel/motel destination type separately. Time-dependent trip 
generation (sequential logit model) and static destination choice models were first applied to 
establish time-dependent O-D matrices. After running the DTA procedure, time-dependent 
destination choice models were estimated by incorporating time-dependent travel costs and 
hurricane striking probabilities into the model formulation. The model also compared peak period 
and off-peak period estimation. The discrete choice models were all tested by goodness of fit 
methods. After that, static gravity models were estimated to create time-dependent O-D matrices 
with time-dependent trip generation model. Time-dependent gravity model were then estimated 
through model transformation and ordinary least square regression. Model validation was also 
done in Chapter 5. A count station was used to validate DTA procedure result. To further validate 
the model, a split sample was tested and compared with full model. To test model transferability, 
the parameters obtained from South Carolina for the friends/relatives time-dependent destination 
choice model were applied in Georgia data. The fitted trip length distribution was compared with 
Georgia observed trip length distribution. Based on the comparison analysis, the model seems to 
be reasonably transferable.  
6.2  Conclusions 
The objectives of this dissertation, as stated in Chapter 1, were to improve the sequential 
logistic hurricane evacuation trip generation model by including a transportation network 
condition factor and an accommodation availability factor ; and to develop static and time-




properties, traveler characteristics, and destination and network characteristics. Based on the 
analysis conducted in this study, the following conclusions are drawn. 
It was expected that a congested network and a shortage of accommodation at destinations 
would inhibit evacuation. However, analysis was unable to detect any significant impact of 
network condition or accommodation availability on evacuation trip generation in this study. We 
believe this is due to the concurrence of network congestion and the consumption of available 
accommodation with the other factors motivating evacuation (like proximity of the storm and the 
issuing of evacuation orders), and the models inability to distinguish between the individual 
impacts of highly correlated events.  
The use of discrete choice model in modeling hurricane evacuation destination choice has 
not been attempted before. Modeling destination choice requires suitable data sets and tools. 
Because the choice of evacuation destinations is a choice between discrete alternatives, one 
common form of discrete choice modeling - the conditional logit model was used.  
In the static discrete choice friend/relative model, the shortest path distance and destination 
danger indicator were found to affect destination choice. Thus, travelers display the logical 
behavior of trying to find a destination as close as possible but distinguishing between those 
locations that could be affected by the storm and those that provide avoidance of the storm. The 
use of destination population as a surrogate for the availability of homes of friends and relatives 
seems to function successfully. It is further enhanced with the metropolitan area indicator which 
shows that evacuees are attracted to a destination with a metropolitan area. The model also shows 
that the higher the White percentage at the destination, the more people evacuate to friends and 
relatives in that area because evacuees are predominantly white. Friends and relatives are more 




With the intuitively correct comprehensive set of factors identified in this model, it becomes 
useful in analyzing a wide set of policy and contextual factors in a planning context. 
In the static hotel/motel model, the variables show similar independent variable effects as in 
the friend/relative model. The destination number of hotel/motel replaced population and shows 
similar attractive effects on destination choice. Interstate proximity indicator has a positive effect 
to attract evacuees if a destination contains interstate highway. The goodness of fit statistics show 
that both the friend/relative model and the hotel/motel model fit reasonable well to observed data. 
In the time-dependent models, lagged variables of time-dependent travel cost and 
destination accommodation availability attractions in previous time period replaced the static 
counterparts in static models. We compared the model results between current values and lagged 
values of time-dependent travel costs and destination accommodation availability. The two model 
results are close. However, operating on lagged values allows the model to be sensitive to 
dynamic conditions and allows it be updated from each previous iteration. Therefore, the lagged 
values of time-dependent travel costs and destination accommodation availability were specified 
in the models because it makes the model sensitive to network and accommodation availability 
conditions, and capable of modeling the impact of change in these conditions. For example, if 
flooding causes certain links in the network to be closed, or accommodation is reduced due to 
damage or loss of services, the model will be able to estimate its impact on destination choice 
behavior.  
The current time period hurricane striking probability replaced static destination danger 
indicator. This was done to reflect the fact that people use predictions of the path of the storm 
when making evacuation decisions, and errors in prediction are likely to result in different 




the latest predictions of the path of the storm when evacuating and choosing a destination, while 
reports on availability of accommodation and network congestion are likely to be dated and 
therefore lagged, as described in the previous paragraph. Therefore, unlike lagged values of time-
dependent travel costs and destination accommodation availability, current values of hurricane 
striking probability (PROHBIT) were specified in the models. The variable of hurricane striking 
probabilities on destinations performs well in the models. Although the static variable of hurricane 
danger indicator is also significant in static models, this time-dependent striking probability 
variable is important because it enhance the model to be responsive to the dynamics of hurricane 
threat in terms of hurricane path projections. It can also be used to analyze different scenarios for 
future hurricane evacuation planning. The other static independent variables in the models have 
similar effects as in the static model. 
Goodness of fit statistics of the friend/relative time-dependent model are higher than those 
of the static model, but goodness of fit statistics of hotel/motel time-dependent model are lower 
than the static model. Although it is hard to judge that time-dependent models are superior based 
on goodness of fit statistics, time-dependent models provide opportunity to incorporate time-
dependent variables for more advanced analysis, say, to incorporate time-dependent travel costs 
from superior dynamic traffic assignment. 
The time-dependent OD travel cost during peak periods has less impact on destination 
choice than during the off-peak. This shows that during a crisis evacuees are less discriminating in 
selecting paths and are more concerned on merely getting out. It may also be due to a lack of 
knowledge on the part of the traveler regarding network knowledge of other routes while being 




important in the peak period model, which indicates when evacuees are stuck in traffic, the 
knowledge level of true travel cost to a destination is decreased. 
A multinomial logit model describes the effect that an individual’s or a household’s 
characteristics have on destination choice. It is estimated together with a conditional logit model 
formulation because they have the same form of utility function. However, none of the individual 
or household variables are significant in model estimation suggesting that the destination’s 
characteristics are the major influence on an evacuee’s decision.  
This study presented a methodology to calibrate static gravity model impedance functions 
with measurements of both impedance to the destination zone and proximity of the storm to the 
coastline, which is considered as the location of the hurricane threat in this case. The Rayleigh 
function was introduced as a part of the impedance function and its only parameter (the function’s 
mode) was treated as an analogy to the mode of trip frequency. The unique property of the 
Rayleigh function’s parameter provided a theoretical basis for its calibration. Through a Chi-
square minimization process, the models produced satisfactory results.  
A time-dependent gravity model was specified as a logit-like model. The model was 
transformed into linear equations and then estimated by ordinary least square regression. The 
time-dependent conditional logit model and time-dependent gravity model are closely comparable 
based on a comparison of their predicted trip length distributions and statistical tests on two 
samples. 
The observed and predicted trip length distributions show two peaks at approximately 200 
miles and 300 miles from the coastline. It is suggested that the first peak is due to the distance 
required to reach a safe destination with hurricane Floyd and people evacuating from South 




Atlanta area, which is located approximately 300 miles from the evacuation zones. This testifies 
to the influence of destination attraction, impedance of travel cost and hurricane threat on 
destination choice. 
The model performed well when applied to Georgia evacuation data related to hurricane 
Floyd. However, while the model did show a trip length distribution that was similar to the 
observed distribution, it under-estimated the number of evacuees that traveled about 100 miles to 
avoid gale force winds and over-estimated those that traveled beyond 300 miles. It is not clear 
what caused these results in the transferred model and considerably more research is needed to 
study the issue of transferability among evacuation models than has been conducted in this study.  
Overall, the results obtained give practical information on the relationships between the 
variables and the choice of a destination which are useful for emergency planers or managers. 
Emergency planners can utilize time-dependent OD tables as input to perform dynamic traffic 
assignment. Emergency managers can use the destination choice information for trip end 
preparedness.  
6.3  Directions For Future Research 
Opportunities for further research were identified during the course of this study are listed as 
following: 
1. Although analytical dynamic traffic assignment from TransCAD provides necessary 
information to perform the time-dependent O-D estimation, the results could be 
improved by a simulation-based DTA procedure. DTA can be performed to identify the 
critical routes for hurricane evacuation in a more realistic simulation environment. 
2. In TransCAD DTA procedure, the evacuation traffic loaded on the network is only from 




Carolina was also on the network during the same analysis period. The model results 
could be improved by including the evacuation traffic from the other states.  
3. Individual characteristics variables in this study did not show significance. A mixed logit 
model may be applied to include individual taste variation to improve the performance. 
The model specification could be updated to expand list of variables, but a better 
understanding of how individual’s evacuation choice are intertwined with the 
socioeconomic characteristics of individual or households is needed. Apparently, we do 
not now have sufficient understanding of this phenomenon at this moment. 
4. A possible way to improve time-dependent OD estimation is to develop a nested logit 
model, with top level as time period, and at bottom level, under each time period, 
evacuees choose their destinations. However, this model structure requires an adequate 
sample size in each time period, and the limited data in this study prohibit the model 
application. 
5. Due to data limitation, models for public shelter destination choice are not performed. 
Evacuees to public shelter destination choice may have higher automobile disadvantaged 
percentage and many of them take government sponsored public transit. Therefore, they 
have different socio-economic characteristics and travel mode. Destination choice for 
public shelters can be an interesting research topic as it is an important political issue.  
6. For a particular coastal region, hurricanes can be categorized based on historical path 
data, such as hurricanes moving perpendicular to coastline, moving parallel to coastline, 
going at a certain angle after landing, or hovering over coastline. Striking probabilities 
can be assumed according to different scenarios. This model could be applied to different 






Andrews, Steven P. (2009). “Computer-Assisted Emergency Evacuation Planning Using 
TransCAD: Case Studies in Western Massachusetts”, Master Thesis, University of Massachusetts 
Amherst. 
 
Antoniou, C., M.E. Ben-Akiva, and H. N. Koutsopoulos (2007). “Nonlinear Kalman Filtering 
Algorithms for On-Line Calibration of Dynamic traffic assignment Models”, IEEE Transactions 
on Intelligent Transportation Systems. Vol. 8, Issue 4, pp. 661-670. 
 
Ashok, K. (1996). “Estimation and Prediction of Time-Dependent Origin-Destination Flows”, 
Ph.d Dissertation, Massachusetts Institute of Technology. 
 
Ashok, K., and M.E. Ben-Akiva (2000). “Alternative Approaches for Real-Time Estimation and 
Prediction of Time-dependent Origin-Destination Flows”, Transportation Science Vol.34, No.1, 
pp. 21-36. 
 
Baass, K. G. (1981). “Design of Zonal Systems for Aggregate Transportation Planning Models”, 
Transportation Research Record No. 807. TRB, National Research Council, Washington D.C., pp. 
1-6.  
 
Balakrishna, R., Morgan Ben-Akiva and H. N. Koutsopoulos (2007). “Off-line Calibration of 
Dynamic traffic assignment: Simultaneous Demand-Supply Estimation”, Transportation Research 
Record: Journal of the Transportation Research Board, No. 2003, pp. 50-58. 
 
Balakrishna R., D. Morgan, A. Rabinowicz and H. Slavin (2008). “Advances in Origin-
Destination Trip Table Estimation for Transportation Planning and Traffic Simulation”, European 
Transport Conference, Leeuwenhorst Conference Center, The Netherlands. 
 
Baker, Earl J. (1998). “Northeast Florida Hurricane Evacuation Study: Behavioral Analysis”, 
prepared for The Northeast Florida Regional Planning Council Hazard, Management Group, Inc., 
Tallahassee, FL. 
 
Batchelor, J., K. Hutchinson, and T. Wyatt (2000) “Hurricane Floyd- Lessons Learned” North 
Carolina Department of Transportation Report, 
http://www.ncdot.org/doh/operations/floydlessons/PDF/HurricaneFloydLL.pdf, Accessed March 
5, 2010. 
 
Ben-Akiva, M and S. Lerman (1985). “Discrete Choice Analysis: Theory and Application to 
Travel Demand”, The MIT Press, Cambridge, Massachusetts. 
Ben-Akiva, M., and A. Palma (1986). “Analysis of A Time-dependent Residential Location 
Choice Model with Transaction Costs”, Journal of Regional Science, Vol. 26, No. 2, pp. 321-341. 
 
Bell, M.G.H. (1991). “The Estimation of Origin-Destination Matrices by Constrained Generalized 





Bell, M.G.H, C.M. Shield, F. Busch, and K. Kruse (1997). “A Stochastic User Equilibrium Path 
Flow Estimator”, Transportation Research 5C, pp. 197-210. 
 
Bhat, C.R., A. Govindarajan, and V. Pulugurta (1998). “Disaggregate Attraction-End Choice 
Modeling”, Transportation Research Record, Vol. 1645, Journal of the Transportation Research 
Board, Washington DC, pp. 60-68. 
 
Brandriss, Josef Joshua (2001). “Estimation of Origin-Destination Flows for Dynamic traffic 
assignment”, Master Thesis, Massachusetts Institute of Technology. 
 
Brownstone, D. (2000). “Discrete Choice Modeling for Transportation”, 9th IATBR Travel 
Behavior Conference, Australia. 
 
Bureau of Public Roads (1964). “Traffic Assignment Manual”, U.S. Dept. of Commerce, Urban 
Planning Division, Washington D.C. 
 
Caliper Corporation (2007). “Travel Demand Modeling with TransCAD 5.0: User’s Guide”, 
TransCAD Manual, Version 5.0. 
 
Cascetta, E., D. Inaudi, and G. Marquis (1993). “Time-dependent Estimators of Origin-
Destination Matrices Using Traffic Counts”, Transportation Science, 27(4), pp. 363–373. 
 
Cascetta E. and M.N. Postorino (2001). “Fixed point models for the estimation of O-D 
matrices using traffic counts on congested networks”, Transportation Science Vol.35(2), pp. 135-
147. 
 
Chang, G.L., and X.D. Tao (1999). “An Integrated Model for Estimating Time-Varying Network 
Origin-Destination Distributions”, Transportation Research 33A, pp. 381-399. 
 
Chang, G. L. and J. Wu (1994). “Recursive Estimation of Time-Varying O-D Flows from Traffic 
Counts in Freeway Corridors”, Transportation Research B 28, pp. 437-455. 
 
Cheng, Guangxiang (2007). “ Friction Factor Calibration for Hurricane Evacuation Trip 
Distribution”, Proceedings of the Transportation Research Board’s 86th Annual Meeting, 
Washington, DC, January. 
  
Cheng, Guangxiang, Chester G. Wilmot, and E.J. Baker (2008). “Destination Choice Model for 
Hurricane Evacuation”, Proceedings of the Transportation Research Board’s 87th Annual Meeting, 
Washington, DC, January. 
 
Cheng, Y. and J. Black (1992). “Time-dependents of Urban Spatial Structure and Trip 
Distribution Model Calibration”, In: Selected Proceedings of the 6th World Conference on 





Chow, L., F. Zhao, and M. Li (2005). “Evaluation of Aggregate Destination Choice Models and 
Gravity Models for Trip Distribution in Florida”, Transportation Research Record Vol. 1931, 
Journal of the Transportation Research Board, Washington DC, pp. 18-27. 
 
Cremer, M. and H. Keller (1981). “Time-dependent Identification of Flows from Traffic Counts at 
Complex Intersection”, Proceedings of the 8th International Symposium on Transportation and 
Traffic Theory, V.F. Hurdle et al., (eds.), University of Toronto Press, Toronto. 
 
Cremer, M. and H. Keller (1984). “A Systems Time-dependent Methods to the Estimation of 
Entry and Exit O-D Flows”, Proceedings of the 9th International Symposium on Transportation 
and Traffic Theory, J. Volmuller and R. Hamerslag, (eds.), VNU Science Press, Utrecht, The 
Netherland. 
 
Cremer, M. and H. Keller (1987). “A New Class of Time-dependent Methods for the 
Identification of Origin-Destination Flows”, Transportation Research 21B(2), pp. 117-132. 
 
Davis, G. A. (1993). “Estimating Freeway Demand Patterns under Impact of Uncertainty on 
Ramp Controls”, ASCE Journal of Transportation Engineering, Vol. 119, No. 4, pp. 489-503. 
 
Dendrinos, D.S. and M. Sonis (1990). “Chaos and Socio-Spatial Time-dependents”, Springer-
Verlag, New York. 
 
Dow, Kirstin and Susan L. Cutter (1997). “Crying Wolf: Repeat Responses to Hurricane 
Evacuation Orders”, Coastal Management, 26, pp. 237-251. 
 
Dow, Kirstin and Susan L. Cutter (2002). “ Emerging Hurricane Evacuation Issues: Hurricane 
Floyd and South Carolina”, Natural Hazards Review Vol. 3(1): pp.12-18. 
 
Drabek, Thomas E. and Keith S. Boggs (1968). “Families in Disaster: Reactions and 
Relatives”, Journal of Marriage and the Family. August, pp. 443-451. 
 
Emanuel, K.A. (2005). “Divine Wind: The History and Science of Hurricanes”, Oxford 
Univerisity Press. 
 
Erdem, Tulin and Michael P. Keane (1996). “Decision Making under Uncertainty: Capturing 
Time-dependent Brand Choice Processes in Turbulent Consumer Goods Markets”, Marketing 
Science, Vol. 15 : 1, pp. 1-20. 
 
Estrella, A. (1998). “A New Measure of Fit for Equations with Dichotomous Dependent 
Variables”, Journal of Business and Economic Statistics, 16, pp. 198-205. 
 
Fu, Haoqiang, (2004). “Deelopment of Time-dependent Travel Demand Models for Hurricane 





Fu, H., C.G. Wilmot, and E.J. Baker (2007). “A Sequential Logit Time-dependent Travel Demand 
Model and it’s Transferability”, Transportation Research Record Vol. 1977, Journal of the 
Transportation Research Board, Washington DC, pp. 17-24. 
 
Guo, J. Y. (2004). “Addressing Spatial Complexities in Residential Location Choice Models”, 
Ph.D. Dissertation, University of Texas at Austin. 
 
Hajivassiliou, V., D. McFadden, and P. Ruud (1996). “Simulation of Multivariate Normal 
Rectangle Probabilities and Their Derivatives: Theoretical and Computational Results”, 
Journal of Econometrics, Vol. 72, pp. 85-134. 
 
Heckman, J.J. (1981). “Statistical Models for Discrete Panel Data. Structural Analysis of Discrete 
Data with Econometric Applications”, (Manski, C. and McFadden D. eds.), MIT Press: 
Cambridge. 
 
Heckman, J.J., and S. Navarro (2005). “Time-dependent Discrete Choice and Time-dependent 
Treatment Effects”, IZA Discussion Papers 1790, Institute for the Study of Labor (IZA).  
 
Hoffman, Saul D. and Greg J. Duncan (1988). “Multinomial and Conditional Logit Discrete-
Choice Models in Demography”, Demography, Vol. 25, No. 3, pp. 415-427.  
 
Imai, S. and N. Jain (2005). “Bayesian Estimation of Time-dependent Discrete Choice Models”, 
No 432, Meeting Papers from Society for Economic Time-dependents. 
 
Irwin, M.D., and J.S. Hurlbert (1995). “A Behavioral Analysis of Hurricane Preparedness and 
Evacuation in Southwestern Louisiana”, Louisiana Population Data Center. 
 
Janson, B. N., and J. Robles (1995). “Quasi-Continuous Dynamic traffic assignment Model”, 
Transportation Research Record Vol. 1493, Journal of the Transportation Research Board, 
Washington DC, pp. 199-206. 
 
Jha, M., K. Moore, and B. Pashaie (2004). “Emergency Evacuation Planning with Microscopic 
Traffic Simulation”, Transportation Research Record, Vol. 1886,  Journal of the Transportation 
Research Board, Washington DC, pp. 40–48. 
 
Keane, M.P. and K. I. Wolpin (1997). “Career Decisions of Young Men”, Journal of Political 
Economy, Vol. 105, pp. 473-522.  
 
Klein, Lawrence, Milton Mills, and David Gibson (2006). “Traffic Detector Handbook: Third 
Edition-Volume I”, Federal Highway Administration, pp. 1-8, 1-9, 
http://www.tfhrc.gov/its/pubs/06108/index.htm#toc, Accessed March 1, 2010. 
 
Lee, L.-F. (1992). “On the efficiency of methods of simulated moments and maximum simulated 





Levinson, D. and A. Kumar (1995). “A Multi-modal Trip Distribution Model, Structure and 
Application”, Transportation Research Record, Journal of the Transportation Research Board, 
Washington DC, Vol. 1466 pp.124-131. 
 
McFadden, D. (1974). “Conditional Logit Analysis of Qualitative Choice Behaviour, Frontiers in 
Econometrics”, Academic Press, New York. 
 
McFadden, D. and K. Train (2000). “Mixed MNL Models for Discrete Response”, Journal of 
Applied Econometrics 15(5), pp. 447-470. 
 
McShane, William R., Roger P. Roess, and Elena S. Prassas (1998). “Traffic engineering, Prentice 
Hall, pp. 233. 
 
Mei, B. (2002). “Development of Trip Generation Models of Hurricane Evacuation”, Master 
Thesis, Louisiana State University, Baton Rouge, Louisiana. 
Meyer, M., and E. Miller (2001). “Urban Transportation Planning: A Decision-Oriented 
Approach”, McGraw Hill, Second Edition. 
 
Modali, N. (2005). “Modeling Destination Choice and Measuring the Transferability of Hurricane 
Evacuation Patterns”, Master Thesis, Department of Civil and Environmental Engineering, 
Louisiana State University. 
 
Nihan, N.L. and G.A. Davis (1989). “Application of Prediction-Error Minimization and 
Maximum Likelihood to Estimate Intersection O-D Matrices from Traffic Counts”, Transportation 
Science, Vol. 23, No. 2, pp. 77-90. 
 
National Hurricane Center (2006). “Saffir-Simpson Hurricane Scale Information”, National 
Oceanic and Atmospheric Administration.Methodological Advances. Pergamon, Oxford, pp. 129–
142. 
 
Oak Ridge National Laboratory (ORNL) (1999). “Oak Ridge Evacuation Modeling System 
(OREMS): User’s Guide”, Oak Ridge National Laboratory. 
 
Okutani, I. (1987). “The Kalman Filtering Approach in Some Transportation and Traffic 
Problems”, In International Symposium on Transportation and Traffic Theor,y (N.H. Gartner and 
N.H.M. Wilson, eds.), Elsevier Science Publishing Company, Inc., pp. 397-416. 
 
Oppenheim, N. (1995). “Urban Travel Demand Modeling”, Wiley, New York. 
 
Ortúzar J. de D. and L.G . Willumsen (1994). “Modelling Transport”, Second Edition, John Wiley 
and Sons, Chichester, England 
 
Paap, R. and P.H. Franses, (2000). “A Time-dependent Multinomial Probit Model for Brand 
Choice with Different Long-run and Short-run Effects of Marketing Mix Variables”, Journal of 





Peduzzi P., J. Concato, E. Kemper, T.R. Holford, and A.R. Feinstein (1996). “A simulation study 
of the number of events per variable in logistic regression analysis”, Journal of Clinical 
Epidemiology, 49, pp. 1373-1379. 
 
Peeta, S. and A. Ziliaskopoulos (2001). “Foundations of dynamic traffic assignment: The past, the 
present and the future”, Networks and Spatial Economics Vol. 1(3-4), pp. 233-265 
 
Perry, Ronald W. and Alvin H. Mushkatel (1986). “Minority Citizens in Disasters”, University of 
Georgia Press, Athens, Georgia 
 
Post, Buckley, Schuh, and Jernigan (PBS&J) (1992). “Southeast Louisiana Hurricane Evacuation 
Study: Transportation Model Support Document”, Tallahassee, Florida. 
 
Post, Buckley, Schuh & Jernigan, Inc. (PBS&J) (2000). “Southeast United States Hurricane 
Evacuation Traffic Study: Behavioral Analysis, Technical Memorandum 1”, Final Report, 
Tallahassee, Florida,.  
 
Radwan, E., M. Mollaghasemi, S. Mitchell, and G. Yildirim (2005). “Framework for Modeling 
Emergency Evacuation”, Contract BD548, RPWO #5, Final Report Submitted to Florida 
Department of Transportation. 
 
Rathi, Ajay K. (1994). “A Microcomputer Based Traffic Evacuation Modeling System for 
Emergency Planning Applications”, Oak Ridge, TN: Oak Ridge National Laboratory. 
 
Regional Development Service (RDS), (1999). “Executive Summary of A Socioeconomic 
Hurricane Impact Analysis and A Hurricane Evacuation Impact Assessment Tool (Methodology) 
for Coastal North Carolina: A Case Study of Hurricane Bonnie”, Department of Sociology, and 
Department of Economics, East Carolina University, Greenville, North Carolina. 
 
SAS (2005). “SAS OnlineDoc 9.1.3”, SAS Institute Inc., Cary, NC. 
 
Sherali, H. D., A. Narayanan, and R. Sivanandan (2003). “Estimation of Origin-Destination Trip-
Tables Based on a Partial Set of Traffic Line Volumes”, Transportation Science B, Vol 37, pp. 
815-836. 
 
Sivakumar, Aruna (2005). “Toward A Comprehensive, Unified, Framework for Analyzing Spatial 
Location Choice”, Ph.D. Dissertation, University of Texas at Austin. 
 
Southworth, F. (1991). “Regional Evacuation Modeling: A State-of-the-Art Review, Center for 
Transportation Analysis”, Oak Ridge National Laboratory, Oak Ridge, TN. 
 
Srinivasan K. and H. Mahmassani (2005). “A Time-dependent Kernel Logit Model for the 
Analysis of Longitudinal Discrete Choice Data: Properties and Computational Assessment”, 
Transportation Science, Vol. 39, No. 2, pp. 160-181. 
 





Tsekeris, T. and A. Stathopoulos (2006). “Gravity Models for Time-dependent Transport Planning: 
Development and Implementation in Urban Networks”, Journal of Transport Geography, 14, pp. 
152-160. 
 
United States Army Corps of Engineers (USACE) (1986). “South Carolina Hurricane Evacuation 
Study”, Technical Data Report, Charleston District, December 1986. 
 
United States Army Corps of Engineers (USACE) (1994). “Treasure Coast Region Hurricane 
Evacuation Study”, Technical Data Report. 
 
United States Army Corps of Engineers (USACE) (1995). “Rhode Island Hurricane Evacuation 
Study”, Technical Data Report. 
 
U.S. Census Bureau (1991). “1990 Census of Population and Housing”, Washington, DC.  
 
U.S. Census Bureau (2002). “2000 Census of Population and Housing”, Washington, DC.  
 
van der Zijpp, N. (1996). “Time-dependent Origin-Destination Matrix Estimation on Motorway 
Networks”, PhD thesis, Dpt of Civil Rnginnering, Delft University of Technology. 
 
Wardrop, J.G. (1952). “Some Theoretical Aspects of Road Traffic Research”, Proceedings of the 
Institution of Civil Engineering, Part II, 1, pp. 325-378. 
 
Webster, P. J., G. J. Holland, J. A. Curry and H.-R. Chang (2005). “Changes in Tropical Cyclone 
Number, Duration, and Intensity in a Warming Environment”, Science 16 September 2005: Vol. 
309, No.5742, pp. 1844 -1846. 
 
Willumsen L.G. (1984). “Estimating Time-Dependent Trip Matrices from Traffic Counts”, Ninth 
International Symposium on Transportation and Traffic Theory, VNU Science Press, pp. 397-411. 
 
Whitehead, John C., Bob Edwards, Marieke Van Willigen, John R. Maiolo, Kenneth Wilson, and 
Kevin T. Smith. (2000). “Heading for Higher Ground: Factors Affecting Real and Hypothetical 
Hurricane Evacuation Behavior”, Environmental Hazards 2, pp. 133-42. 
 
Wilmot, C.G., and N. Meduri (2005). “Methodology to Establish Hurricane Evacuation Zones”, 
Transportation Research Record 1922, Journal of the Transportation Research Board, Washington 
DC, pp. 129-137. 
 
Wilmot, Chester. G., Naveen Modali, and Bin Chen (2006). “Modeling Hurricane Evacuation 
Traffic: Testing the Gravity and Intervening Opportunity Models as Models of Destination Choice 
in Hurricane Evacuation”, Report No. FHWA/LA.06/407, Louisiana Transportation Research 
Center. 
 





Wooldrige, J. (2003). “Introductory econometrics: A modern approach”, South-Western College 
Publishing. 
 
Wu, J. and G.L. Chang (1996). “Estimation of Time-Varying Origin-Destination Distributions 
with Time-dependent Screenline Flows”, Transportation Research B, Vol.30, pp. 277-290. 
 
Zhang, X. and D. Jarrett (1998). “Traffic Equilibrium in a Time-dependent Gravity Model and a 
Time-dependent Trip Assignment Model”, In: Bell, M.G.H. (Ed.), Transportation Networks: 















APPENDIX A  SAMPLE OF HURRICANE FLOYD STRIKING PROBABILITY 
 
ZCZC MIASPFAT3 ALL 
TTAA00 KNHC DDHHMM 
HURRICANE FLOYD PROBABILITIES NUMBER  23 
NATIONAL WEATHER SERVICE MIAMI FL 
5 AM AST MON SEP 13 1999 
  
PROBABILITIES FOR GUIDANCE IN HURRICANE PROTECTION 
PLANNING BY GOVERNMENT AND DISASTER OFFICIALS 
  
AT 5 AM AST...0900Z...THE CENTER OF FLOYD WAS LOCATED NEAR 
LATITUDE 23.7 NORTH...LONGITUDE  70.6 WEST 
  
CHANCES OF CENTER OF THE HURRICANE PASSING WITHIN 65 NAUTICAL MILES 
OF LISTED LOCATIONS THROUGH  2AM AST THU SEP 16 1999 
  
LOCATION           A  B  C  D  E   LOCATION           A  B  C  D  E 
  
24.8N  75.0W      47  1  X  X 48   WILMINGTON NC      X  X  X  7  7 
25.8N  77.2W       7 27  1  X 35   MOREHEAD CITY NC   X  X  X  4  4 
27.5N  79.0W       X  7 18  1 26   CAPE HATTERAS NC   X  X  X  2  2 
MYMM 224N 730W    33  X  X  X 33   KEY WEST FL        X  X  4  2  6 
MYSM 241N 745W    50  X  X  X 50   MARCO ISLAND FL    X  X  9  3 12 
MYEG 235N 758W    24  5  X  1 30   FT MYERS FL        X  X  9  5 14 
MYAK 241N 776W     3 20  1  X 24   VENICE FL          X  X  6  7 13 
MYNN 251N 775W     4 26  1  X 31   TAMPA FL           X  X  6  9 15 
MYGF 266N 787W     X 16 12  X 28   CEDAR KEY FL       X  X  3 12 15 
MARATHON FL        X  1  6  2  9   ST MARKS FL        X  X  X 13 13 
MIAMI FL           X  3 14  1 18   APALACHICOLA FL    X  X  X 11 11 
W PALM BEACH FL    X  3 17  1 21   PANAMA CITY FL     X  X  X 10 10 
FT PIERCE FL       X  1 18  2 21   PENSACOLA FL       X  X  X  7  7 
COCOA BEACH FL     X  X 16  4 20   MOBILE AL          X  X  X  5  5 
DAYTONA BEACH FL   X  X 10  9 19   GULFPORT MS        X  X  X  3  3 
JACKSONVILLE FL    X  X  3 14 17   BURAS LA           X  X  X  2  2 
SAVANNAH GA        X  X  1 14 15   NEW ORLEANS LA     X  X  X  2  2 
CHARLESTON SC      X  X  X 13 13   GULF 29N 85W       X  X  X 10 10 
MYRTLE BEACH SC    X  X  X 10 10   GULF 29N 87W       X  X  X  5  5 
  
COLUMN DEFINITION   PROBABILITIES IN PERCENT 
A IS PROBABILITY FROM NOW TO  2AM TUE 
FOLLOWING ARE ADDITIONAL PROBABILITIES 
B FROM  2AM TUE TO  2PM TUE 
C FROM  2PM TUE TO  2AM WED 
D FROM  2AM WED TO  2AM THU 
E IS TOTAL PROBABILITY FROM NOW TO  2AM THU 

















APPENDIX C  STATE HURRICANE EVACUATION MOUTES MAPS  
 













































































APPENDIX D  SAMPLES OF NETWORK LOADED WITH TRAFFIC  
 
Travel time period =1 
 
Travel time period =32
 
APPENDIX E  HURRICANE STRIKING PROBABILITIES (PROBHIT) 
 
Georgia TAZ Bouford, SC TAZ Charleston, SC TAZ Myrtle Beach, SC TAZ N.Carolina TAZ Time 
Interval Date Time 69 64 71 68 70 75 74 78 77 79 87 85 88 90 89 
1 13-Sep 12am 14.2 7.1 12.8 3.8 6.4 11.3 3.4 5.7 5.7 7.5 3.8 2.3 2.3 3.4 1.7 
2 13-Sep 2am 14.5 7.3 13.3 4.0 6.6 12.0 3.6 6.0 6.0 8.5 4.3 2.6 2.6 4.3 2.1 
3 13-Sep 4am 14.8 7.4 13.8 4.1 6.9 12.7 3.8 6.3 6.3 9.5 4.8 2.9 2.9 5.1 2.5 
4 13-Sep 6am 16.0 8.0 15.1 4.5 7.5 14.2 4.3 7.1 7.1 11.2 5.6 3.4 3.4 6.8 3.4 
5 13-Sep 8am 18.0 9.0 17.3 5.2 8.6 16.5 5.0 8.3 8.3 13.5 6.8 4.1 4.1 9.5 4.8 
6 13-Sep 10am 20.0 10.0 19.4 5.8 9.7 18.8 5.7 9.4 9.4 15.8 7.9 4.8 4.8 12.2 6.1 
7 14-Sep 12pm 21.2 10.6 20.8 6.2 10.4 20.3 6.1 10.2 10.2 17.5 8.8 5.3 5.3 14.1 7.0 
8 14-Sep 2pm 21.5 10.8 21.3 6.4 10.6 21.0 6.3 10.5 10.5 18.5 9.3 5.6 5.6 15.3 7.6 
9 14-Sep 4pm 21.8 10.9 21.8 6.5 10.9 21.7 6.5 10.8 10.8 19.5 9.8 5.9 5.9 16.4 8.2 
10 14-Sep 6pm 23.0 11.5 22.9 6.9 11.5 22.8 6.9 11.4 11.4 20.5 10.3 6.2 6.2 17.3 8.6 
11 14-Sep 8pm 25.0 12.5 24.8 7.4 12.4 24.5 7.4 12.3 12.3 21.5 10.8 6.5 6.5 17.8 8.9 
12 14-Sep 10pm 27.0 13.5 26.6 8.0 13.3 26.2 7.9 13.1 13.1 22.5 11.3 6.8 6.8 18.3 9.1 
13 14-Sep 12am 28.8 14.4 28.3 8.5 14.1 27.7 8.3 13.8 13.8 23.7 11.8 7.1 7.1 18.8 9.4 
14 14-Sep 2am 30.5 15.3 29.8 8.9 14.9 29.0 8.7 14.5 14.5 25.0 12.5 7.5 7.5 19.5 9.8 
15 14-Sep 4am 32.2 16.1 31.3 9.4 15.6 30.3 9.1 15.2 15.2 26.3 13.2 7.9 7.9 20.2 10.1 
16 14-Sep 6am 33.5 16.8 32.5 9.8 16.3 31.5 9.5 15.8 15.8 27.3 13.7 8.2 8.2 20.7 10.3 
17 14-Sep 8am 34.5 17.3 33.5 10.1 16.8 32.5 9.8 16.3 16.3 28.0 14.0 8.4 8.4 21.0 10.5 
18 14-Sep 10am 35.5 17.8 34.5 10.4 17.3 33.5 10.1 16.8 16.8 28.7 14.3 8.6 8.6 21.3 10.7 
19 15-Sep 12pm 37.0 18.5 36.3 10.9 18.1 35.5 10.7 17.8 17.8 30.5 15.3 9.2 9.2 22.8 11.4 
20 15-Sep 2pm 39.0 19.5 38.8 11.6 19.4 38.5 11.6 19.3 19.3 33.5 16.8 10.1 10.1 25.3 12.6 
21 15-Sep 4pm 41.0 20.5 41.3 12.4 20.6 41.5 12.5 20.8 20.8 36.5 18.3 11.0 11.0 27.8 13.9 
22 15-Sep 6pm 39.5 19.8 40.6 12.2 20.3 41.7 12.5 20.8 20.8 37.3 18.7 11.2 11.2 28.9 14.5 
23 15-Sep 8pm 34.5 17.3 36.8 11.0 18.4 39.0 11.7 19.5 19.5 36.0 18.0 10.8 10.8 28.8 14.4 
24 15-Sep 10pm 29.5 14.8 32.9 9.9 16.5 36.3 10.9 18.2 18.2 34.7 17.3 10.4 10.4 28.6 14.3 
25 15-Sep 12am 28.7 14.3 32.4 9.7 16.2 36.2 10.9 18.1 18.1 34.5 17.3 10.4 10.4 28.8 14.4 
26 15-Sep 2am 32.0 16.0 35.3 10.6 17.6 38.5 11.6 19.3 19.3 35.5 17.8 10.7 10.7 29.5 14.8 








Georgia TAZ Bouford, SC TAZ Charleston, SC TAZ Myrtle Beach, SC TAZ N.Carolina TAZ Time 
Interval Date Time 69 64 71 68 70 75 74 78 77 79 87 85 88 90 89 
28 15-Sep 6am 38.0 19.0 41.3 12.4 20.6 44.5 13.4 22.3 22.3 38.0 19.0 11.4 11.4 29.8 14.9 
29 15-Sep 8am 40.0 20.0 44.8 13.4 22.4 49.5 14.9 24.8 24.8 40.0 20.0 12.0 12.0 28.3 14.1 
30 15-Sep 10am 42.0 21.0 48.3 14.5 24.1 54.5 16.4 27.3 27.3 42.0 21.0 12.6 12.6 26.8 13.4 
31 16-Sep 12pm 42.0 21.0 46.7 14.5 24.1 57.0 17.1 28.5 28.5 47.5 23.8 14.3 14.3 29.9 15.0 
32 16-Sep 2pm 42.0 21.0 46.7 14.5 24.1 57.0 17.1 28.5 28.5 56.5 28.3 17.0 17.0 37.8 18.9 
33 16-Sep 4pm 42.0 21.0 46.7 14.5 24.1 57.0 17.1 28.5 28.5 65.5 32.8 19.7 19.7 45.6 22.8 
34 16-Sep 6pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 74.8 37.4 22.5 22.5 53.3 26.7 
35 16-Sep 8pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 84.5 42.3 25.4 25.4 61.0 30.5 
36 16-Sep 10pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 94.2 47.1 28.3 28.3 68.7 34.3 
37 16-Sep 12am 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 76.9 38.5 
38 16-Sep 2am 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 85.8 42.9 
39 16-Sep 4am 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
40 16-Sep 6am 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
41 16-Sep 8am 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
42 16-Sep 10am 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
43 16-Sep 12pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
44 16-Sep 2pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
45 16-Sep 4pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
46 16-Sep 6pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 
47 16-Sep 8pm 42.0 21.0 46.7 14.5 24.1 53.3 17.1 28.5 28.5 99.0 49.5 29.7 29.7 94.6 47.3 









APPENDIX F  TIME-DEPENDENT O-D MATRIX 
 
Origin Destination Time 1 Time 2 Time 3 Time 4 Time 5 Time 6 Time 7 Time 8 Time 9 Time 10 Time 11 Time 12 
71 63 8  8 8 95 67 175 179  209 180 208 17 19
71 64 2  2 2 27 19 50 52  60 52 60 5 5
71 65 14  14 14 167 118 306 314  366 314 364 31 33
71 66 3  3 4 45 32 82 84  98 85 98 8 8
71 67 2  2 2 31 22 58 59  69 60 69 5 6
71 68 1  1 1 18 13 33 34  40 34 39 3 3
71 69 1  1 1 18 13 33 34  40 34 40 3 3
71 70 0  0 0 10 7 18 19  22 19 22 1 2
71 71 2  2 2 25 18 46 48  56 48 55 4 5
71 72 1  1 1 17 12 32 33  39 33 38 3 3
71 73 1  1 1 20 14 38 39  45 39 45 3 4
71 74 1  1 1 15 11 29 30  34 30 34 2 3
71 75 1  1 1 14 10 26 27  31 27 31 2 2
71 76 2  2 2 26 19 49 50  58 50 58 5 5
71 77 0  0 0 5 4 10 10  12 10 12 1 1
71 78 1  1 1 13 9 25 26  30 26 30 2 2
71 79 1  1 1 11 8 21 22  26 22 25 2 2
71 80 1  1 1 11 8 21 22  25 22 25 2 2
71 81 0  0 0 7 5 13 14  16 14 16 1 1
71 82 6  6 6 73 51 133 137  160 137 159 13 14
71 83 2  2 2 26 18 48 50  58 50 58 4 5
71 84 1  1 2 22 16 41 42  49 42 49 4 4
71 85 1  1 1 18 13 34 35  41 35 41 3 3
71 86 3  3 3 42 30 77 79  93 79 92 7 8
71 87 0  0 0 6 4 12 12  14 12 14 1 1
71 88 1  1 1 13 9 25 26  30 26 30 2 2
71 89 12  12 13 147 104 270 277  323 277 322 27 29




Origin Destination Time 1 Time 2 Time 3 Time 4 Time 5 Time 6 Time 7 Time 8 Time 9 Time 10 Time 11 Time 12 
75 63 8  8 9 102 72 187 192  224 192 223 19 20
75 64 1  1 1 15 10 28 29  33 29 33 2 3
75 65 11  11 11 130 92 238 245  285 245 284 24 25
75 66 2  2 2 33 23 60 62  72 62 72 6 6
75 67 2  2 2 27 19 50 52  60 52 60 5 5
75 68 1  1 1 16 11 29 30  35 30 35 3 3
75 69 0  0 0 11 7 20 21  24 21 24 2 2
75 70 0  0 0 9 6 17 17  20 17 20 1 1
75 71 1  1 1 14 10 26 26  31 26 31 2 2
75 72 1  1 1 15 11 29 29  34 29 34 2 3
75 73 1  1 1 20 14 37 38  44 38 44 3 4
75 74 1  1 1 16 11 30 31  36 31 36 3 3
75 75 1  1 1 21 15 39 40  47 40 46 4 4
75 76 1  1 1 22 15 41 42  49 42 49 4 4
75 77 0  0 0 8 5 15 15  17 15 17 1 1
75 78 1  1 1 18 13 34 35  41 35 40 3 3
75 79 1  1 1 15 11 28 29  34 29 34 2 3
75 80 0  0 0 9 6 17 17  20 17 20 1 1
75 81 0  0 0 6 4 11 12  14 12 14 1 1
75 82 6  6 6 78 55 143 146  171 147 170 14 15
75 83 2  2 2 23 16 43 44  52 45 52 4 4
75 84 1  1 1 22 15 40 41  48 41 48 4 4
75 85 1  1 1 19 13 35 36  42 36 42 3 3
75 86 3  3 3 37 26 67 69  81 69 80 6 7
75 87 0  0 0 8 6 15 16  18 16 18 1 1
75 88 1  1 1 16 11 29 30  35 30 35 3 3
75 89 14  14 14 167 118 306 314  366 315 365 31 33




Origin Destination Time 1 Time 2 Time 3 Time 4 Time 5 Time 6 Time 7 Time 8 Time 9 Time 10 Time 11 Time 12 
79 63 3  3 3 43 30 78 80  94 81 93 8 8
79 64 0  0 0 4 2 7 7  8 7 8 0 0
79 65 3  3 3 43 30 78 80  94 81 93 8 8
79 66 0  1 1 11 8 21 21  25 21 25 2 2
79 67 0  0 0 9 6 17 17  20 17 20 1 1
79 68 0  0 0 5 3 9 9  11 9 11 0 1
79 69 0  0 0 3 2 5 5  6 5 6 0 0
79 70 0  0 0 2 1 5 5  6 5 5 0 0
79 71 0  0 0 3 2 7 7  8 7 8 0 0
79 72 0  0 0 6 4 11 11  13 11 13 1 1
79 73 0  0 0 8 6 16 16  19 16 19 1 1
79 74 0  0 0 6 4 11 11  13 11 13 1 1
79 75 0  0 0 5 3 9 10  11 10 11 0 1
79 76 0  0 0 9 6 16 17  20 17 20 1 1
79 77 0  0 0 4 3 7 8  9 8 9 0 0
79 78 0  0 0 7 5 13 13  15 13 15 1 1
79 79 1  1 1 15 10 27 28  33 28 33 2 3
79 80 0  0 0 3 2 6 7  8 7 8 0 0
79 81 0  0 0 2 1 4 4  5 4 5 0 0
79 82 2  2 2 33 23 61 63  73 63 73 6 6
79 83 0  0 0 11 7 20 20  24 20 24 2 2
79 84 0  0 0 11 7 20 20  24 20 24 2 2
79 85 1  1 1 11 8 21 21  25 21 25 2 2
79 86 1  1 1 17 12 31 32  37 32 37 3 3
79 87 0  0 0 6 4 11 11  13 11 13 1 1
79 88 0  0 0 10 7 18 19  22 19 22 1 2
79 89 10  10 10 120 85 219 225  262 225 261 22 23




Origin Destination Time 13 Time 14 Time 15 Time 16 Time 17 Time 18 Time 19 Time 20 Time 21 Time 22 Time 23 Time 24 
71 63 20  21 23 270 307 774 1019  1178 637 633 92 109
71 64 5  6 6 78 88 224 295  341 184 183 26 31
71 65 35  38 41 472 536 1352 1781  2058 1113 1107 161 191
71 66 9  10 11 127 144 365 481  556 300 299 43 51
71 67 6  7 7 90 102 258 340  393 212 211 30 36
71 68 3  4 4 51 58 148 195  225 121 121 17 20
71 69 3  4 4 52 59 149 196  226 122 121 17 21
71 70 2  2 2 29 33 83 110  127 68 68 10 11
71 71 5  5 6 72 82 207 273  315 170 169 24 29
71 72 3  4 4 50 57 144 190  220 118 118 17 20
71 73 4  4 5 58 66 168 222  256 138 137 20 23
71 74 3  3 3 45 51 129 170  196 106 105 15 18
71 75 3  3 3 41 46 117 154  178 96 96 14 16
71 76 5  6 6 76 86 217 286  331 179 178 26 30
71 77 1  1 1 16 18 47 62  71 38 38 5 6
71 78 2  3 3 39 44 112 148  171 92 92 13 15
71 79 2  2 2 33 38 96 126  146 79 78 11 13
71 80 2  2 2 33 37 95 125  145 78 77 11 13
71 81 1  1 1 21 24 61 81  93 50 50 7 8
71 82 15  16 18 206 234 591 778  900 486 484 70 83
71 83 5  6 6 75 85 216 284  329 177 177 25 30
71 84 4  5 5 63 72 182 240  278 150 149 21 25
71 85 4  4 4 53 60 152 200  231 125 124 18 21
71 86 9  9 10 120 136 343 452  523 282 281 41 48
71 87 1  1 1 19 21 55 72  83 45 45 6 7
71 88 2  3 3 39 44 111 147  170 92 91 13 15
71 89 31  33 36 417 473 1195 1573  1818 983 978 143 168




Origin Destination Time 13 Time 14 Time 15 Time 16 Time 17 Time 18 Time 19 Time 20 Time 21 Time 22 Time 23 Time 24 
75 63 21  23 25 289 328 828 1090  1260 681 677 99 117
75 64 3  3 3 43 49 125 164  190 103 102 14 17
75 65 27  29 32 368 418 1055 1389  1605 868 863 126 149
75 66 7  7 8 93 106 268 354  409 221 220 32 38
75 67 5  6 6 78 89 225 296  342 185 184 26 31
75 68 3  3 4 45 51 131 172  199 107 107 15 18
75 69 2  2 2 31 35 90 119  137 74 74 10 12
75 70 1  2 2 26 29 75 99  114 61 61 9 10
75 71 3  3 3 40 45 115 152  175 95 94 13 16
75 72 3  3 3 44 50 128 168  195 105 105 15 18
75 73 4  4 5 58 65 166 218  253 136 136 19 23
75 74 3  3 4 46 53 134 177  204 110 110 16 19
75 75 4  4 5 60 68 173 228  264 143 142 20 24
75 76 4  5 5 63 72 182 239  277 149 149 21 25
75 77 1  1 2 23 26 66 87  100 54 54 7 9
75 78 3  4 4 53 60 151 200  231 124 124 18 21
75 79 3  3 3 44 50 127 168  194 105 104 15 18
75 80 2  2 2 27 30 77 101  117 63 63 9 10
75 81 1  1 1 18 20 52 69  80 43 43 6 7
75 82 16  17 19 220 250 632 832  962 520 517 75 89
75 83 5  5 5 67 76 193 254  294 159 158 23 27
75 84 4  5 5 62 71 179 235  272 147 146 21 25
75 85 4  4 4 55 62 158 208  241 130 129 18 22
75 86 7  8 9 104 119 300 395  456 247 245 35 42
75 87 1  1 2 24 27 69 91  105 57 56 8 9
75 88 3  3 4 45 51 130 171  198 107 106 15 18
75 89 35  38 41 473 537 1355 1784  2062 1115 1109 162 191




Origin Destination Time 13 Time 14 Time 15 Time 16 Time 17 Time 18 Time 19 Time 20 Time 21 Time 22 Time 23 Time 24 
79 63 9  9 10 121 138 348 458  529 286 284 41 49
79 64 0  0 1 11 13 33 43  50 27 27 3 4
79 65 9  9 10 121 138 348 459  530 286 285 41 49
79 66 2  2 2 32 36 92 122  141 76 76 11 13
79 67 2  2 2 26 30 76 100  116 63 62 9 10
79 68 1  1 1 14 16 41 54  63 34 34 4 5
79 69 0  0 0 8 9 24 32  37 20 20 2 3
79 70 0  0 0 7 8 22 29  33 18 18 2 3
79 71 0  0 0 11 12 31 41  48 26 26 3 4
79 72 1  1 1 17 20 50 66  76 41 41 6 7
79 73 1  2 2 25 28 72 95  110 59 59 8 10
79 74 1  1 1 17 19 49 64  75 40 40 5 6
79 75 1  1 1 15 17 43 57  65 35 35 5 6
79 76 1  2 2 26 29 74 98  113 61 61 8 10
79 77 0  0 1 12 14 35 46  53 29 28 4 4
79 78 1  1 1 20 23 58 77  89 48 47 7 8
79 79 3  3 3 43 48 123 162  187 101 101 14 17
79 80 0  0 0 10 12 30 40  46 25 24 3 4
79 81 0  0 0 6 7 18 24  28 15 15 2 2
79 82 7  7 8 94 107 271 358  413 223 222 32 38
79 83 2  2 2 31 35 89 118  136 73 73 10 12
79 84 2  2 2 31 35 89 117  136 73 73 10 12
79 85 2  2 2 32 37 93 123  142 77 76 11 13
79 86 3  3 4 48 55 140 184  213 115 114 16 19
79 87 1  1 1 17 19 50 66  76 41 41 6 7
79 88 2  2 2 29 33 83 110  127 68 68 10 11
79 89 25  27 29 339 385 970 1278  1477 798 794 116 137




Origin Destination Time 25 Time 26 Time 27 Time 28 Time 29 Time 30 Time 31 Time 32 Time 33 Time 34 Time 35 Time 36 
71 63 152  204 257 1874 2012 4075 4170  3917 1859 1755 315 374
71 64 44  59 74 542 582 1180 1207  1134 538 508 91 108
71 65 266  356 449 3273 3515 7119 7285  6844 3248 3066 550 654
71 66 72  96 121 884 949 1923 1967  1848 877 828 148 176
71 67 50  68 85 624 671 1359 1390  1306 620 585 105 124
71 68 29  39 49 358 385 779 797  749 355 335 60 71
71 69 29  39 49 360 387 784 802  754 357 337 60 72
71 70 16  22 27 202 217 440 450  423 201 189 34 40
71 71 40  54 68 501 538 1091 1116  1049 497 470 84 100
71 72 28  38 48 349 375 760 778  731 347 327 58 69
71 73 33  44 56 408 438 887 908  853 404 382 68 81
71 74 25  34 42 312 335 680 695  653 310 292 52 62
71 75 23  30 39 284 305 617 632  593 281 266 47 56
71 76 42  57 72 527 566 1146 1173  1102 523 493 88 105
71 77 9  12 15 114 122 248 254  239 113 107 19 22
71 78 22  29 37 273 293 593 607  570 270 255 45 54
71 79 18  25 32 233 250 506 518  487 231 218 39 46
71 80 18  25 31 230 247 501 513  482 228 216 38 46
71 81 12  16 20 149 160 324 331  311 148 139 25 29
71 82 116  156 196 1431 1536 3112 3185  2992 1420 1340 240 285
71 83 42  57 71 523 562 1138 1164  1094 519 490 88 104
71 84 36  48 60 442 475 962 985  925 439 414 74 88
71 85 30  40 50 368 396 802 820  771 365 345 62 73
71 86 67  90 114 832 893 1809 1851  1739 825 779 139 166
71 87 10  14 18 133 143 290 297  279 132 125 22 26
71 88 22  29 37 271 290 589 603  566 268 253 45 54
71 89 235  315 397 2892 3105 6289 6435  6046 2869 2709 486 577




Origin Destination Time 25 Time 26 Time 27 Time 28 Time 29 Time 30 Time 31 Time 32 Time 33 Time 34 Time 35 Time 36 
75 63 163  218 275 2004 2152 4358 4460  4190 1988 1877 337 400
75 64 24  33 41 303 325 658 674  633 300 283 50 60
75 65 207  278 350 2553 2741 5552 5681  5337 2533 2391 429 510
75 66 52  70 89 650 698 1415 1448  1360 645 609 109 130
75 67 44  59 74 544 584 1184 1211  1138 540 510 91 108
75 68 25  34 43 317 340 689 705  663 314 297 53 63
75 69 17  23 30 219 235 477 488  458 217 205 36 43
75 70 14  19 25 182 195 396 405  380 180 170 30 36
75 71 22  30 38 279 300 607 621  584 277 261 47 55
75 72 25  33 42 310 333 675 691  649 308 290 52 62
75 73 32  43 55 402 432 874 895  841 399 376 67 80
75 74 26  35 44 325 349 708 724  680 323 305 54 65
75 75 34  45 57 420 451 914 936  879 417 394 70 84
75 76 35  48 60 440 473 958 981  921 437 412 74 88
75 77 13  17 22 160 172 348 356  335 159 150 26 32
75 78 29  40 50 367 394 799 818  768 364 344 61 73
75 79 25  33 42 309 332 673 688  647 307 289 52 61
75 80 15  20 25 187 201 407 416  391 185 175 31 37
75 81 10  13 17 127 137 277 284  267 126 119 21 25
75 82 124  166 210 1529 1642 3326 3404  3198 1517 1433 257 305
75 83 38  51 64 468 502 1018 1042  979 464 438 78 93
75 84 35  47 59 433 465 942 964  905 429 405 72 86
75 85 31  41 52 383 411 834 853  802 380 359 64 76
75 86 59  79 99 726 780 1579 1616  1518 720 680 122 145
75 87 13  18 23 168 180 366 375  352 167 157 28 33
75 88 25  34 43 316 339 687 703  660 313 296 53 63
75 89 267  357 450 3279 3521 7131 7298  6856 3253 3072 551 655




Origin Destination Time 25 Time 26 Time 27 Time 28 Time 29 Time 30 Time 31 Time 32 Time 33 Time 34 Time 35 Time 36 
79 63 68  91 115 842 904 1832 1875  1761 836 789 141 168
79 64 6  8 10 80 85 174 178  167 79 74 13 15
79 65 68  91 115 843 905 1834 1877  1763 837 790 141 168
79 66 18  24 30 224 241 488 500  470 223 210 37 44
79 67 15  20 25 185 199 403 412  387 183 173 31 37
79 68 8  10 13 100 108 219 224  210 100 94 16 20
79 69 4  6 8 59 63 129 132  124 58 55 9 11
79 70 4  5 7 53 57 117 119  112 53 50 9 10
79 71 6  8 10 77 82 167 171  161 76 72 12 15
79 72 9  13 16 122 131 265 271  255 121 114 20 24
79 73 14  19 24 175 188 381 390  366 173 164 29 35
79 74 9  13 16 119 128 259 265  249 118 111 20 23
79 75 8  11 14 104 112 227 233  219 103 98 17 20
79 76 14  19 24 181 194 393 402  378 179 169 30 36
79 77 6  9 11 85 91 185 190  178 84 80 14 17
79 78 11  15 19 141 152 308 315  296 140 132 23 28
79 79 24  32 41 298 320 649 665  624 296 279 50 59
79 80 6  8 10 73 79 160 164  154 73 69 12 14
79 81 3  4 6 45 48 98 100  94 44 42 7 9
79 82 53  71 90 658 706 1431 1464  1375 653 616 110 131
79 83 17  23 29 217 233 472 483  454 215 203 36 43
79 84 17  23 29 216 232 471 481  452 214 202 36 43
79 85 18  24 31 227 243 493 505  474 225 212 38 45
79 86 27  36 46 338 363 736 754  708 336 317 57 67
79 87 9  13 16 121 130 264 270  254 120 113 20 24
79 88 16  22 27 202 217 441 451  424 201 190 34 40
79 89 191  256 322 2349 2522 5109 5228  4911 2331 2200 395 469




Origin Destination Time 37 Time 38 Time 39 Time 40 Time 41 Time 42 Time 43 Time 44 Time 45 Time 46 Time 47 Time 48 
71 63 336  315 338 1163 783 926 570  382 264 229 20 28
71 64 97  91 98 337 226 268 165  110 76 66 5 8
71 65 588  550 591 2033 1369 1617 995  668 461 400 35 49
71 66 159  148 159 549 369 436 268  180 124 108 9 13
71 67 112  105 112 388 261 308 190  127 88 76 6 9
71 68 64  60 64 222 149 177 109  73 50 43 3 5
71 69 64  60 65 224 150 178 109  73 50 44 3 5
71 70 36  34 36 125 84 100 61  41 28 24 2 3
71 71 90  84 90 311 209 248 152  102 70 61 5 7
71 72 62  58 63 217 146 172 106  71 49 42 3 5
71 73 73  68 73 253 170 201 124  83 57 49 4 6
71 74 56  52 56 194 130 154 95  63 44 38 3 4
71 75 51  47 51 176 118 140 86  58 40 34 3 4
71 76 94  88 95 327 220 260 160  107 74 64 5 7
71 77 20  19 20 71 47 56 34  23 16 13 1 1
71 78 49  45 49 169 114 134 83  55 38 33 3 4
71 79 41  39 42 144 97 115 70  47 32 28 2 3
71 80 41  38 41 143 96 113 70  47 32 28 2 3
71 81 26  25 26 92 62 73 45  30 21 18 1 2
71 82 257  240 258 888 598 707 435  292 201 175 15 21
71 83 94  88 94 325 218 258 159  106 73 64 5 7
71 84 79  74 80 274 185 218 134  90 62 54 4 6
71 85 66  62 66 229 154 182 112  75 52 45 4 5
71 86 149  139 150 516 347 411 253  169 117 101 9 12
71 87 23  22 24 82 55 65 40  27 18 16 1 2
71 88 48  45 48 168 113 133 82  55 38 33 2 4
71 89 520  486 522 1796 1209 1429 879  590 408 353 31 43




Origin Destination Time 37 Time 38 Time 39 Time 40 Time 41 Time 42 Time 43 Time 44 Time 45 Time 46 Time 47 Time 48 
75 63 360  337 362 1244 838 990 609  409 282 245 22 30
75 64 54  50 54 188 126 149 92  61 42 37 3 4
75 65 459  429 461 1585 1067 1261 776  521 360 312 28 38
75 66 117  109 117 404 272 321 197  132 91 79 7 9
75 67 97  91 98 338 227 269 165  111 76 66 5 8
75 68 57  53 57 197 132 156 96  64 44 38 3 4
75 69 39  36 39 136 91 108 66  44 30 26 2 3
75 70 32  30 32 113 76 90 55  37 25 22 2 2
75 71 50  47 50 173 116 138 84  57 39 34 3 4
75 72 55  52 56 192 129 153 94  63 43 37 3 4
75 73 72  67 72 249 168 198 122  82 56 49 4 6
75 74 58  54 58 202 136 160 99  66 45 39 3 4
75 75 75  70 76 261 175 207 127  85 59 51 4 6
75 76 79  74 79 273 184 217 134  90 62 53 4 6
75 77 28  26 28 99 67 79 48  32 22 19 1 2
75 78 66  61 66 228 153 181 111  75 51 44 4 5
75 79 55  52 55 192 129 152 94  63 43 37 3 4
75 80 33  31 33 116 78 92 56  38 26 22 2 2
75 81 22  21 23 79 53 63 38  26 18 15 1 1
75 82 275  257 276 950 639 755 465  312 215 187 16 23
75 83 84  78 84 290 195 231 142  95 66 57 5 7
75 84 77  72 78 269 181 214 131  88 61 52 4 6
75 85 68  64 69 238 160 189 116  78 54 46 4 5
75 86 130  122 131 451 303 358 220  148 102 88 7 10
75 87 30  28 30 104 70 83 51  34 23 20 1 2
75 88 56  53 57 196 132 156 96  64 44 38 3 4
75 89 589  551 592 2036 1371 1620 997  669 462 400 36 49




Origin Destination Time 37 Time 38 Time 39 Time 40 Time 41 Time 42 Time 43 Time 44 Time 45 Time 46 Time 47 Time 48 
79 63 151  141 152 523 352 416 256  172 118 103 9 12
79 64 14  13 14 49 33 39 24  16 11 9 0 1
79 65 151  141 152 523 352 416 256  172 119 103 9 12
79 66 40  37 40 139 94 111 68  45 31 27 2 3
79 67 33  31 33 115 77 91 56  37 26 22 2 2
79 68 18  16 18 62 42 49 30  20 14 12 1 1
79 69 10  9 10 36 24 29 18  12 8 7 0 0
79 70 9  9 9 33 22 26 16  10 7 6 0 0
79 71 13  12 13 47 32 38 23  15 10 9 0 1
79 72 21  20 22 75 51 60 37  24 17 14 1 1
79 73 31  29 31 108 73 86 53  35 24 21 1 2
79 74 21  20 21 74 49 58 36  24 16 14 1 1
79 75 18  17 18 65 43 51 31  21 14 12 1 1
79 76 32  30 32 112 75 89 55  36 25 22 1 2
79 77 15  14 15 53 35 42 25  17 12 10 0 1
79 78 25  23 25 88 59 70 43  28 20 17 1 2
79 79 53  50 54 185 124 147 90  61 42 36 3 4
79 80 13  12 13 45 30 36 22  15 10 9 0 1
79 81 8  7 8 27 18 22 13  9 6 5 0 0
79 82 118  110 118 408 275 325 200  134 92 80 7 9
79 83 39  36 39 134 90 107 66  44 30 26 2 3
79 84 38  36 39 134 90 107 65  44 30 26 2 3
79 85 40  38 41 141 94 112 69  46 32 27 2 3
79 86 60  57 61 210 141 167 103  69 47 41 3 5
79 87 21  20 21 75 50 60 36  24 17 14 1 1
79 88 36  34 36 125 84 100 61  41 28 24 2 3
79 89 422  395 424 1459 982 1160 714  479 331 287 25 35




APPENDIX G  SAMPLE OF FRIEND/RELATIVE MODEL DATASET 
  
CASE SELEC- INTER- Time- Eth- Child- Income- High- 
_NO Origin DIST POP 
DAN-






CON attac far far edfar asc 
1 75 111 536691 0 63 1 97 0.65 1 3 250 30 0 0.043 1 0 0 1 1 
1 75 264 1199442 0 64 0 221 0.59 0 4 409 30 21 0.028 1 0 0 1 0 
1 75 283 5034693 0 65 0 843 0.66 1 7 415 30 0 0.029 0 0 0 1 0 
1 75 197 1285620 0 66 0 262 0.74 0 3 318 30 0 0.032 0 0 0 1 0 
1 75 122 167147 0 67 0 23 0.7 0 1 254 30 0 0.036 0 0 0 1 0 
1 75 94 51347 0 68 0 8 0.43 0 0 190 30 14.475 0.046 1 1 0 0 0 
1 75 175 666698 1 69 0 280 0.66 0 3 263 30 42 0.033 0 0 0 1 0 
1 75 70 21386 1 70 0 7 0.43 0 1 155 30 24.125 0.048 1 1 0 0 0 
1 75 84 141615 1 71 0 67 0.67 0 1 45 30 48.25 0.021 0 1 0 0 0 
1 75 179 102396 0 72 0 13 0.65 0 0 316 30 0 0.033 1 0 0 1 0 
1 75 166 154737 0 73 0 19 0.69 0 1 313 30 0 0.039 0 0 0 1 0 
1 75 78 106767 0 74 0 36 0.39 0 0 184 30 16.35 0.048 1 1 0 0 0 
1 75 0 348233 1 75 0 126 0.62 0 1 0 30 54.5 0.02 1 1 0 0 0 
1 75 231 342712 0 76 0 53 0.87 0 1 371 30 0 0.035 0 0 0 1 0 
1 75 81 69719 1 77 0 14 0.39 0 1 180 30 27.25 0.042 1 1 0 0 0 
1 75 45 239064 1 78 0 30 0.7 0 1 133 30 27.25 0.06 0 1 0 0 0 
1 75 115 252426 1 79 0 322 0.77 0 0 207 30 42 0.032 0 0 0 1 0 
1 75 392 539373 0 80 0 127 0.85 0 2 541 30 0 0.028 0 0 0 1 0 
1 75 530 3926527 0 81 0 785 0.76 0 0 639 30 0 0.025 0 0 0 1 0 
1 75 209 633407 0 82 0 100 0.77 1 3 368 30 0 0.035 0 0 0 1 0 
1 75 344 1223383 0 83 0 447 0.94 0 2 468 30 0 0.031 0 0 0 1 0 
1 75 173 336024 0 84 0 39 0.72 0 1 297 30 0 0.037 0 0 0 1 0 
1 75 136 177412 0 85 0 27 0.55 0 2 225 30 12.6 0.038 1 0 0 1 0 
1 75 274 999424 0 86 0 475 0.92 0 2 420 30 0 0.033 0 0 0 1 0 
1 75 132 191949 1 87 0 69 0.55 0 1 234 30 21 0.034 1 0 0 1 0 
1 75 148 138980 0 88 0 19 0.57 0 0 267 30 12.6 0.034 1 0 0 1 0 
1 75 238 5246261 0 89 0 791 0.73 1 5 429 30 13.375 0.033 0 0 0 1 0 









CASE SELEC- INTER- Time- Eth- Child- Income- High- 
_NO Origin DIST POP 
DAN- 






CON attac far far edfar asc 
3 75 111 536691 0 63 0 97 0.65 1 3 167 29 0 0.029 0 0 0 0 1 
3 75 264 1199442 0 64 0 221 0.59 0 4 334 29 20 0.023 0 0 0 0 0 
3 75 283 5034693 0 65 0 843 0.66 1 7 334 29 0 0.023 1 0 0 0 0 
3 75 197 1285620 0 66 0 262 0.74 0 3 238 29 0 0.024 1 0 0 0 0 
3 75 122 167147 0 67 0 23 0.7 0 1 176 29 0 0.025 1 0 0 0 0 
3 75 94 51347 0 68 0 8 0.43 0 0 117 29 13.425 0.028 0 1 0 0 0 
3 75 175 666698 1 69 0 280 0.66 0 3 189 29 40 0.024 1 0 0 0 0 
3 75 70 21386 1 70 0 7 0.43 0 1 86 29 22.375 0.027 0 1 0 0 0 
3 75 84 141615 1 71 0 67 0.67 0 1 45 29 44.75 0.021 1 1 0 0 0 
3 75 179 102396 0 72 0 13 0.65 0 0 234 29 0 0.024 0 0 0 0 0 
3 75 166 154737 0 73 0 19 0.69 0 1 223 29 0 0.028 1 0 0 0 0 
3 75 78 106767 0 74 0 36 0.39 0 0 111 29 14.85 0.029 0 1 0 0 0 
3 75 0 348233 1 75 0 126 0.62 0 1 0 29 49.5 0.02 0 1 0 0 0 
3 75 231 342712 0 76 0 53 0.87 0 1 281 29 0 0.026 1 0 0 0 0 
3 75 81 69719 1 77 0 14 0.39 0 1 108 29 24.75 0.025 0 1 0 0 0 
3 75 45 239064 1 78 0 30 0.7 0 1 66 29 24.75 0.03 1 1 0 0 0 
3 75 115 252426 1 79 0 322 0.77 0 0 144 29 40 0.022 1 0 0 0 0 
3 75 392 539373 0 80 0 127 0.85 0 2 460 29 0 0.024 1 0 0 0 0 
3 75 530 3926527 0 81 0 785 0.76 0 0 558 29 0 0.022 1 0 0 0 0 
3 75 209 633407 0 82 1 100 0.77 1 3 276 29 0 0.027 1 0 0 0 0 
3 75 344 1223383 0 83 0 447 0.94 0 2 376 29 0 0.025 1 0 0 0 0 
3 75 173 336024 0 84 0 39 0.72 0 1 214 29 0 0.027 1 0 0 0 0 
3 75 136 177412 0 85 0 27 0.55 0 2 149 29 12 0.025 0 0 0 0 0 
3 75 274 999424 0 86 0 475 0.92 0 2 328 29 0 0.025 1 0 0 0 0 
3 75 132 191949 1 87 0 69 0.55 0 1 163 29 20 0.024 0 0 0 0 0 
3 75 148 138980 0 88 0 19 0.57 0 0 192 29 12 0.024 0 0 0 0 0 
3 75 238 5246261 0 89 0 791 0.73 1 5 340 29 14.125 0.026 1 0 0 0 0 
 
 
APPENDIX H  GEORGIA DESTINATION DEMOGRAPHIC INFORMATION 
 





28 Robeson NC 1755399.482 62.2% 2 0 
29 Cumberland NC 5246261 71.7% 4 1 
30 Dillon SC 1386510 58.8% 4 0 
31 Lancaster SC 1550095 76.1% 4 0 
32 Rutherford NC 999424 91.4% 2 0 
33 Horry SC 1026175.32 65.3% 2 0 
34 Liberty GA 401252.9283 60.2% 2 0 
35 Lincoln GA 435008 54.5% 1 0 
36 Elbert GA 438300 76.6% 1 0 
37 Rabun GA 455342 88.8% 1 0 
38 Fannin GA 697410 88.9% 1 0 
39 Meigs TN 539373 84.0% 1 0 
40 Hancock TN 1230169 93.3% 2 0 
41 Chambers AL 1813971.683 63.5% 3 0 
42 Randolph AL 2599898.748 76.5% 3 0 
43 Carroll GA 403944 73.2% 1 0 
44 Dooly GA 353274 51.7% 1 0 
45 Thomas GA 352880 54.9% 0 0 
46 Gadsden FL 1188040.68 75.4% 1 0 
47 Polk FL 7221626.91 79.6% 4 1 
48 Charlton GA 364925 68.7% 1 0 
49 Camden GA 112762.2525 71.2% 1 0 
50 Wilcox GA 272894 67.6% 1 0 
51 Putnam GA 440121 60.0% 2 0 


















APPENDIX I  DYNAMIC HURRICANE STRIKING PROBABILITY OF GEORGIA 
DATA SET 
 
Georgia South Carolina North Caroline Time 
Interval 
Date Time 
Zone #49 Zone #34 Zone #33 Zone #30 Zone #28 Zone #29 
1 13-Sep 12am 14 14 8 4 3 2 
2 13-Sep 2am 15 15 9 4 4 2 
3 13-Sep 4am 15 15 10 5 5 3 
4 13-Sep 6am 16 16 11 6 7 3 
5 13-Sep 8am 18 18 14 7 10 5 
6 13-Sep 10am 20 20 16 8 12 6 
7 14-Sep 12pm 21 21 18 9 14 7 
8 14-Sep 2pm 22 22 19 9 15 8 
9 14-Sep 4pm 22 22 20 10 16 8 
10 14-Sep 6pm 23 23 21 10 17 9 
11 14-Sep 8pm 25 25 22 11 18 9 
12 14-Sep 10pm 27 27 23 11 18 9 
13 14-Sep 12am 29 29 24 12 19 9 
14 14-Sep 2am 31 31 25 13 20 10 
15 14-Sep 4am 32 32 26 13 20 10 
16 14-Sep 6am 34 34 27 14 21 10 
17 14-Sep 8am 35 35 28 14 21 11 
18 14-Sep 10am 36 36 29 14 21 11 
19 15-Sep 12pm 37 37 31 15 23 11 
20 15-Sep 2pm 39 39 34 17 25 13 
21 15-Sep 4pm 41 41 37 18 28 14 
22 15-Sep 6pm 40 40 37 19 29 14 
23 15-Sep 8pm 35 35 36 18 29 14 
24 15-Sep 10pm 30 30 35 17 29 14 
25 15-Sep 12am 29 29 35 17 29 14 
26 15-Sep 2am 32 32 36 18 30 15 
27 15-Sep 4am 35 35 37 18 30 15 
28 15-Sep 6am 38 38 38 19 30 15 
29 15-Sep 8am 40 40 40 20 28 14 
30 15-Sep 10am 42 42 42 21 27 13 
31 16-Sep 12pm 42 42 48 24 30 15 
32 16-Sep 2pm 42 42 57 28 38 19 
33 16-Sep 4pm 42 42 66 33 46 23 
34 16-Sep 6pm 42 42 75 37 53 27 
35 16-Sep 8pm 42 42 85 42 61 31 









Georgia South Carolina North Caroline Time 
Interval 
Date Time 
Zone #49 Zone #34 Zone #33 Zone #30 Zone #28 Zone #29 
37 16-Sep 12am 42 42 99 50 77 38 
38 16-Sep 2am 42 42 99 50 86 43 
39 16-Sep 4am 42 42 99 50 95 47 
40 16-Sep 6am 42 42 99 50 95 47 
41 16-Sep 8am 42 42 99 50 95 47 
42 16-Sep 10am 42 42 99 50 95 47 
43 16-Sep 12pm 42 42 99 50 95 47 
44 16-Sep 2pm 42 42 99 50 95 47 
45 16-Sep 4pm 42 42 99 50 95 47 
46 16-Sep 6pm 42 42 99 50 95 47 
47 16-Sep 8pm 42 42 99 50 95 47 
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